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Abstract 
This thesis investigates the pricing effects of idiosyncratic moments. We 
document that idiosyncratic moments, namely idiosyncratic skewness and 
idiosyncratic kurtosis vary over time. If a factor/characteristic is priced, it must 
show minimum variation to be correlated with stock returns. Moreover, we can 
identify two structural breaks in the time series of idiosyncratic kurtosis. Using 
a sample of US stocks traded on NYSE, AMEX and NASDAQ markets from 
January 1970 to December 2013, we run Fama-MacBeth test at the individual 
stock level. We document a negative and significant pricing effect of 
idiosyncratic skewness, consistent with the finding of Boyer et al. (2010). We 
also report that neither idiosyncratic volatility nor idiosyncratic kurtosis are 
consistently priced. We run robustness tests using different model specifications 
and period sub-samples. Our results are robust to the different factors and 
characteristics usually included in the Fama-MacBeth pricing tests. We also 
split first our sample using endogenously determined structural breaks. Second, 
we divide our sample into three equal sub-periods. The results are consistent 
with our main findings suggesting that expected returns of individual stocks are 
explained by idiosyncratic skewness. Both idiosyncratic volatility and 
idiosyncratic kurtosis are irrelevant to asset prices at the individual stock level. 
As an alternative method, we run Fama-MacBeth tests at the portfolio level. We 
find that idiosyncratic skewness is not significantly related to returns on 
idiosyncratic skewness-sorted portfolios. However, it is significant when tested 
against idiosyncratic kurtosis sorted portfolios. 
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Chapter 1. Introduction 
In asset pricing research, Sharpe (1964) and Lintner (1965 b) build the 
capital asset pricing model (CAPM) on mean-variance efficiency model. They 
conclude that expected return of an asset is only related to the systematic risk 
of the stock. One of the essential assumptions of the CAPM is that there exists 
a fully diversified portfolio. Investors can eliminate all levels of unsystematic 
risk by constructing the fully diversified portfolio. 
Early empirical investigations of the CAPM that are based on time series 
tests such as Friend and Blume (1970) and Black, Jensen and Scholes (1972) 
report that CAPM does not hold. Fama French (1992) report that the beta based 
systematic risk fails to explain the cross-section of expected returns. Various 
studies try to address the different anomalies documented in empirical tests of 
the CAPM. For instance, Kraus and Litzenberger (1976) extend the CAPM into 
a three-moment CAPM where systematic skewness is priced. They suggest that 
positive skewness preference explains the failure of empirical tests of the 
CAPM model. Fang and Lai (1997) empirically test the pricing ability of 
systematic skewness and kurtosis. Using a four-moment CAPM, they find that 
expected return is related to covariance, coskewness and cokurtosis. 
Complete diversification is an important feature of the two-moment 
CAPM and its extensions including higher order comovements. Investors can 
fully diversify away idiosyncratic risk by holding specific portfolios. However, 
Levy (1978) and Merton (1987) argue that investors practically are unable to 
hold fully diversified portfolios. 
Goyal and Santa-Clara (2003) examine whether idiosyncratic volatility is 
priced. They find that indeed idiosyncratic volatility helps explain expected 
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returns. Furthermore, Boyer, Mitton and Vorkink (2010) find that idiosyncratic 
skewness also matters and contributes to expected returns. 
In this thesis, we try to investigate the pricing effects of idiosyncratic 
skewness and kurtosis. We contribute to fix the void that few research has 
addressed the pricing effect of idiosyncratic kurtosis. Previous literature has 
documented that there are no fully-diversified portfolios in the market and 
investors may hold under-diversified portfolios to pursue higher expected return. 
Thus, it is significant to investigate the pricing effects of idiosyncratic moments. 
Mitton and Vorkink (2007) and Barberis and Huang (2008) all document 
that investors would prefer the assets with positive idiosyncratic skewness. 
Positively skewed assets are more desirable and should earn lower returns as a 
result. The fourth-order moment, kurtosis is a measurement of the frequency of 
extreme deviations in the distribution. Investors are not willing to hold assets 
with high kurtosis because there is a greater likelihood of a particular return that 
is further from the mean in any given time. Thus, investors who hold assets with 
higher aggregate kurtosis, including higher idiosyncratic kurtosis, should be 
compensated more. 
The objective of this thesis is to investigate whether idiosyncratic higher 
moments (idiosyncratic skewness and idiosyncratic kurtosis) have additional 
contributions in explaining the cross-section of expected returns. We first 
document the time series variation in the average idiosyncratic volatility, the 
average idiosyncratic skewness and the average idiosyncratic kurtosis. We 
report that the cross-section average idiosyncratic skewness is more time 
changing than the cross-section average idiosyncratic volatility and the cross-
section average idiosyncratic kurtosis. We can identify two structural breaks in 
time series of idiosyncratic kurtosis. Second, we estimate the actual 
idiosyncratic moments of the sorted portfolios using their daily return in each 
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month. We then show empirically that portfolios formed through ranking 
idiosyncratic kurtosis sorting have different monotone actual idiosyncratic 
kurtosis. Third, we run Fama-MacBeth tests at the individual stock level. We 
find that idiosyncratic skewness is negative and significant related to expected 
returns, consistent with the finding of Boyer et al. (2010). The result is 
robustness to the different factors and characteristics usually included in the 
Fama-MacBeth pricing tests and sub-period tests. We also document that 
idiosyncratic volatility and idiosyncratic kurtosis are not consistently priced in 
the Fama-MacBeth tests at the individual level. Last, we run Fama-MacBeth 
tests at the portfolio level. We show that idiosyncratic skewness is priced when 
portfolios are formed through idiosyncratic skewness sorting, while it is priced 
when portfolios are formed through idiosyncratic kurtosis sorting. We find no 
evidence that idiosyncratic volatility and kurtosis are priced although they show 
some explanatory power in some sub-period tests. 
Our main contribution is twofold. First, we document that the idiosyncratic 
kurtosis varies over time. Second, we confirm the main result of Boyer et al. 
(2010) that idiosyncratic skewness matters. We also show that idiosyncratic 
kurtosis is not priced although it shows pricing effects in some sub-period tests.  
The remainder of this thesis is organized as follows. Chapter 2 lists and 
discusses the literature on pricing effects of higher order moments. Chapter 3 
introduces our methodology. It shows our estimation of idiosyncratic moments. 
We also discuss our hypothesis about the pricing effect of the higher order 
idiosyncratic moments. Chapter 4 discusses our sample and data collection. We 
report the empirical findings in chapter 5. Chapter 6 concludes the thesis. 
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Chapter 2. Literature Review 
In this chapter, we first discuss the literature on co-movement based asset 
pricing. This literature includes the well celebrated Capital Asset Pricing Model 
and its main extensions. We then turn to present the literature that deals with 
idiosyncratic risk and its effect on financial assets valuation. 
2.1  Comovement or Systematic Risk Pricing 
The well celebrated Capital Asset Pricing Model (CAPM) of Sharpe (1964) 
Lintner (1965 b) and Black (1972) is based on the on mean-variance efficiency 
framework of Markowitz (1952). The CAPM model argues that an asset price 
depends only on its beta which is based on its co-movement with the efficient 
market portfolio. This co-movement is the only priced risk and relates to what 
is known as the systematic risk. 
Early empirical tests of the CAPM include Friend and Blume (1970), 
Jensen, Black and Sholes (1972), Miller and Scholes (1972) and Fama and 
MacBeth (1973). They find that the slope is lower and the intercept is higher 
than the parameters implied by the theoretical model. One can therefore imply 
that expected return cannot be fully explained by covariance alone. Kraus and 
Litzenberger (1976) consider the pricing effect of coskewness. They derived a 
three-moment version of the CAPM. They examine NYSE listed stocks over 
the period covering January 1936 to June 1970. They conclude that aggregate 
skewness is has statistical and economic significance in explaining returns. 
Kraus and Litzenberger argue that investors have a preference toward positive 
returns skewness in their portfolio. Therefore, they require lower returns for 
higher skewness. 
Friend and Westerfield (1980) consider bond pricing with the three 
moments pricing model. They report that this version of asset pricing does not 
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explain returns although there is weak evidence that investors may pay a 
premium to hold assets such as bonds whose returns are positively skewed in 
their portfolios. Sears and Wei (1988) show that parameters estimates of the two 
moments CAPM are restricted by the market risk premium as suggested by the 
traditional CAPM but also the elasticity of risk to skewness. Lim (1989) uses a 
GMM approach to test the three-moment CAPM. He suggests that there is no 
evidence that skewness is priced when using daily data. The conclusion is 
revered when monthly data is used. 
Harvey and Siddique (1999) extend the usual GARCH (1, 1) specification 
to model conditional covariance and coskewness. They document that 
conditional skewness is present and related to conditional volatility. The strong 
evidence of persistent volatility lessen when skewness is accounted for. Harvey 
and Siddique (2000) then develop an asset pricing model that accounts for 
coskewness. Their empirical test shows that conditional coskewness helps 
explain the cross-section of expected returns. They show that the relation is 
robust to the inclusion of the size and book-to-market factors. Smith (2007) 
supports the findings of Harvey and Siddique (2000). He finds that the goodness 
of fit from an asset pricing model with coskewness is higher than that of the 
two-moment CAPM or the Fama and French (1993) model. He concludes that 
coskewness is an important factor. Smith also reports that investors react to 
coskewness asymmetrically when the market itself is positively or negatively 
skewed. Mitton and Vorkink (2007) set up a one-period model assuming that 
investors have heterogeneous preferences for skewness. This leads to investors 
not fully diversifying their risk according to the mean variance criterion. Mitton 
and Vorkink show that the under-diversified portfolios have higher skewness 
exposure. 
Kurtosis, which is the fourth moment of a distribution, measures the extent 
to which returns tend to have relatively high frequency around the center and at 
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the tails of the distribution. Observing that US stock returns are distributed with 
higher occurrence of extreme values or fatter tails, Fang and Lai (1997) 
investigate the systematic skewness and systematic kurtosis using a four-
moment CAPM. They show that both systematic skewness and systematic 
kurtosis are important determinants of stock returns. Christie-David and 
Chaudhry (2001) test the coskewness and cokurtosis in futures markets using 
four-moment CAPM. They document that all moments are all significant in 
explaining futures’ returns. Moreover, Guidolin and Timmermann (2008) study 
the linkage between international asset allocation effect and higher-order 
moments of stock return using a regime switching model. They show that 
investors have indeed skewness and kurtosis preferences. Recently, Chang 
Christoffersen and Jacobs (2013) find that exposure to skewness and kurtosis 
factors estimated from option data are significant. They also show these 
exposures are priced and help explain the cross-section of expected returns.  
 
2.2  Idiosyncratic Moments or Unsystematic Risk Pricing 
Beside systematic risk, unsystematic risk is the other source of stock’s 
aggregate or total risk. Systematic risk is deemed impossible to eliminate 
through diversification while unsystematic risk vanishes through full portfolio 
diversification. 
Research on the pricing effects of systematic risks alone is based on the 
hypothesis that investors cannot fully diversify their portfolio. Therefore, 
idiosyncratic risk bearing provides no compensation. Levy (1978), Merton 
(1987) and Malkiel and Xu (2002) point out however that investors would hold 
under-diversified portfolios for several reasons, including the pursuit of higher 
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returns or the impossibility to diversify. Their findings indicate that not only the 
systematic moments but also unsystematic or specific risk may matter. 
It is particularly important to test whether unsystematic moments are time 
varying before testing their pricing capability. To help explain variation in 
returns, idiosyncratic higher order moments must have a minimal variation over 
time and in the cross-section. Campbell, Lettau, Malkiel and Xu (2001) 
document the time variation of industry and firm specific volatility. They report 
that average correlation between stock returns decreased over the period 1963 
to 1997. They also report that idiosyncratic volatility or firm specific standard 
deviation increased. 
Few studies investigate the time series variation of idiosyncratic skewness. 
Boyer, Mitton and Vorkink (2010) report that idiosyncratic skewness is not 
stable over time. They also document that time-series variation of idiosyncratic 
skewness appears to follow episodic behavior similar to that of idiosyncratic 
volatility. Using daily data, Albuquerque (2012) compute six-month firm level 
skewness over the period from 1973 to 2009. He confirms the stylized fact that 
firm-level stock skewness was always positive except in the second half of 1987. 
Douglas (1967) and Lintner (1965 a) are among the first who document 
that idiosyncratic volatility matters for stock pricing. 1  They find that the 
variance of residuals from the market model help explain the cross-sectional 
average returns. Malkiel and Xu (1997, 2002) also provide some evidence that 
idiosyncratic volatility or residual standard deviation from the market model 
helps explain expected returns. They link their empirical result that 
idiosyncratic volatility is positively related to expect return by the fact that many 
investors hold poorly diversified portfolios. In addition, Goyal and Santa-Clara 
(2003) find that total risk measured by the return variance not the systematic 
                                                 
1 Lehmann (1990) confirms the findings of Douglas (1967). 
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component is related to returns. They document a significant and positive 
relationship between lagged average stock variance and the return of the market. 
The latter does not depend however on its own lagged variance. More 
importantly, Goyal and Santa-Clara conclude that it is the unsystematic variance 
component that is responsible for this relation. 
However, Ang, Hodrick, Xing and Zhang (2006, 2009) report a negative 
and significant relationship between idiosyncratic volatility and returns. More 
specifically, portfolios with high idiosyncratic volatility earn very low returns.2 
Beyond the idiosyncratic second moment, few studies investigate the 
pricing abilities of higher order idiosyncratic moments. Mitton and Vorkink 
(2007) build a model of heterogeneous preference for skewness and show 
apparent mean-variance inefficiency of under-diversified investors who are in 
pursuit of higher skewness exposure. They also show that idiosyncratic 
skewness impacts equilibrium asset prices. They suggest that under-diversified 
investors select stocks with higher average skewness, especially higher 
idiosyncratic skewness. Using prospect theory, Barberis and Huang (2008) 
show that under non-normality assumption for stock returns, own idiosyncratic 
skewness matters. Positively skewed assets can be overpriced and hence earn 
negative excess returns.  
Boyer, Mitton and Vorkink (2010) investigate idiosyncratic expected 
skewness. Using the Fama-MacBeth cross-section methodology, they find that 
expected idiosyncratic skewness is priced. The negative relation between 
                                                 
2 Guo and Savickas (2010) report similar results to Ang, Hodrick, Xing and Zhang (2006). 
They use G7 countries’ data and prove that idiosyncratic volatility has better predictive power 
in US stock market. In addition, they create an idiosyncratic volatility factor defined as return 
difference between low and high idiosyncratic volatility stocks. They show that the 
idiosyncratic volatility factor is priced. 
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expected returns and idiosyncratic skewness is robust to the inclusion of several 
factors and stock characteristics. 
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Chapter 3. Methodology 
In this chapter, we first introduce the estimation method of idiosyncratic 
moments in section 3.1. Following that, we document the Fama-MacBeth 
approach both at the individual stock level and the portfolio level in section 3.2. 
3.1.  Estimation of Idiosyncratic Moments 
We first consider the simple case of CAPM (Sharpe, 1964, Lintner, 1965 
b, Mossin, 1966). 
𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝜀𝑖,𝑡 ,                               (1) 
where 𝑟𝑖,𝑡, 𝑟𝑓,𝑡 and 𝑟𝑚,𝑡 are return for asset i , risk free rate and expect market 
return at time t, respectively; 𝛼𝑖  is the intercept; 𝛽𝑖  is the factor loading; 
𝜀𝑖,𝑡 is the residual of the regression.  
We decompose the aggregate risk into two parts: systematic and 
unsystematic risk. Specifically, 𝛽𝑖 is the market risk, or the systematic risk, 
that is measured by the sensitivity expected excess asset returns to the expected 
excess market returns. The other part of the aggregate risk, or unsystematic risk, 
is not captured by 𝛽𝑖 and exists in the residual 𝜀𝑖,𝑡. Moreover, idiosyncratic 
moments are the moments of residuals’ distribution. 
We estimate idiosyncratic moments following Boyer, Mitton and Vorkink 
(2010). Specifically, we first use the ordinary least square (OLS) method to get 
the regression residuals of Fama and French (1993) three factor model: 
𝑟𝑖,𝑡 − 𝑟𝑓,𝑡 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑡 − 𝑟𝑓,𝑡) + 𝑠𝑖𝑆𝑀𝐵𝑡 + ℎ𝑖𝐻𝑀𝐿𝑡 + 𝜀𝑖,𝑡,                        (2) 
where 𝑆𝑀𝐵𝑖,𝑡 and 𝐻𝑀𝐿𝑖,𝑡 are “Small Minus Big” and “High Minus 
Low” factors for asset i at time t, respectively; 𝑠𝑖 and ℎ𝑖 are the factor 
loadings; 𝑟𝑖,𝑡, 𝑟𝑓,𝑡, 𝛼𝑖 , 𝛽𝑖 and 𝜀𝑖,𝑡 represent the same meanings as in equation 
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(1). We obtain the risk free measurement, SMB, HML and general market risk 
premium from Kenneth French data library3. Besides, we obtain individual 
stock data from CRSP. 
We define 𝑆(𝑡) as the set of trading days from the first day of month t to 
the end of month t. Let 𝑁(𝑡) denote the number of trading days in this set4. In 
addition, we define 𝜀𝑖,𝑑 as the regression residual in equation (2) on day d 
for firm i. Following Boyer et al. (2010), we can define 𝑖𝑣𝑖,𝑡, 𝑖𝑠𝑖,𝑡 and 𝑖𝑘𝑖,𝑡, as 
𝑖𝑣𝑖,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
2
𝑑∈𝑆(𝑡)
)
1
2
                                                    (3) 
𝑖𝑠𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
3                                                          (4) 
 𝑖𝑘𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
4                                                          (5) 
We regress daily return for stock i on market factors in month t using 
regression (2) to obtain the residual distribution of the specific stock in that 
specific month. Using equation (3), (4) and (5) , we can estimate the 
idiosyncratic moments of stock i in month t. 
 
                                                 
3  We are grateful to Professor French for making the data available at 
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 
4  We adjust degrees of freedom in constructing idiosyncratic moments. Then, 𝑁(𝑡) 
becomes number of days in the set minus a degrees of freedom adjustment of one for volatility, 
two for skewness and three for kurtosis. Following Fu (2009), Peterson and Semdema (2010), 
we set our criteria of minimum 15 trading days in a month. By doing this, we eliminate 1.38 % 
sample in our dataset. 
 12 
 
3.2. Fama-MacBeth Regression Model 
To explore the pricing effects of idiosyncratic skewness and kurtosis, we 
conduct cross-sectional regressions following Fama and MacBeth (1973). In 
this section, we first present Fama-MacBeth regressions carried out at the 
portfolio level. Second, we investigate the actual idiosyncratic moments of 
portfolios. Third, we introduce Fama-MacBeth approach using individual stock 
as testing assets.  
 
3.2.1  Fama-MacBeth Regression at the Portfolio Level 
First, we present the typical Fama-MacBeth approach at the portfolio level. 
As outlined in equation (2), (3), (4) and (5), at the end of each month from 
January 1970 to December 2013, we estimate idiosyncratic moments of each 
stock with its daily returns and market factors (SMB, HML and market risk 
premium) in that month. We then sort stocks into one hundred portfolios on 
ranked idiosyncratic skewness, 𝑖𝑠𝑖,𝑡, or ranked idiosyncratic kurtosis, 𝑖𝑘𝑖,𝑡 at 
the end of each month. In the cross-sectional regressions, we define 
idiosyncratic moments of portfolios as the equal-weighted averages of firm-
level estimations across all stocks in portfolio p as shown in equation (6), (7) 
and (8). 
𝑖𝑣𝑝,𝑡 =  
1
𝑁
∑ 𝑖𝑣𝑖,𝑡
𝑁
𝑖=1
                                                             (6) 
𝑖𝑠𝑝,𝑡 =  
1
𝑁
∑ 𝑖𝑠𝑖,𝑡
𝑁
𝑖=1
                                                              (7) 
 𝑖𝑘𝑝,𝑡 =  
1
𝑁
∑ 𝑖𝑘𝑖,𝑡
𝑁
𝑖=1
 ,                                                          (8) 
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where 𝑁 is the number of individual stocks in portfolio p. Stock i (i=1, 
2… N) is the individual stock component in portfolio p. 𝑖𝑣𝑖,𝑡, 𝑖𝑠𝑖,𝑡 and  𝑖𝑘𝑖,𝑡 
are idiosyncratic volatility, skewness and kurtosis of stock i observed in month 
t, respectively.  
We use the current period idiosyncratic moments as the prediction of one-
month forward idiosyncratic moments. To study the idiosyncratic moments’ 
pricing effect on the expected return, we regress return of portfolios on one–
period lagged idiosyncratic moments. At the end of each month t, we run the 
cross-sectional regression for each portfolio p with the model: 
𝑟𝑝,𝑡+1 − 𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 +
𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 + 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 +
 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡 + 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 +
𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦 + 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡 ,                                              (9)  
where 𝑟𝑝,𝑡+1 and 𝑟𝑓,𝑡+1 are the equal-weighted monthly return for portfolio p 
and risk-free rate in month t+1, respectively; 
𝑖𝑣𝑝,𝑡 , 𝑖𝑠𝑝,𝑡  and 𝑖𝑘𝑝,𝑡  are idiosyncratic volatility, skewness and kurtosis of 
portfolio p observed in month t, respectively. 
𝑚𝑜𝑚𝑝,𝑡 is the cumulative return for portfolio p over months t-12 to t; following 
Fama and French (1992), 𝐵𝑀𝑝,𝑦  is book equity over market equity in 
December of year y-1 and is identical over year y; 
𝑆𝑖𝑧𝑒𝑝,𝑦 is the logarithm of market capitalization ending in June of year y and is 
identical over year y. All the characteristics are equal-weighted averages of their 
firm-level counterparts. 
At the end of month t, we use monthly data from t-60 to the end of t to 
estimate the betas used in (9) with equation (10): 
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𝑟𝑝,𝑡 − 𝑟𝑓,𝑡 = 𝛽0,𝑡 + ∅𝑖𝑠𝑝𝑖𝑠𝑝,𝑡 + ∅𝑖𝑘𝑝𝑖𝑘𝑝,𝑡 + 𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝𝑀𝑎𝑟𝑘𝑒𝑡𝑡 +
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝𝑆𝑀𝐵𝑡 + 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝𝐻𝑀𝐿𝑡 + 𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝𝑈𝑀𝐷𝑡 +
 𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑡 + 𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝𝑀𝑎𝑟𝑘𝑒𝑡𝑡
2 +
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝𝑀𝑎𝑟𝑘𝑒𝑡𝑡
3 + 𝜖𝑝,𝑡 ,                                                                          (10)  
where  𝑟𝑝,𝑡 and 𝑟𝑓,𝑡 are the return for the portfolio and risk-free rate in month 
t, respectively ; 
𝑖𝑠𝑝,𝑡 and 𝑖𝑘𝑝,𝑡 are the idiosyncratic skewness and idiosyncratic kurtosis of the 
portfolio observed in month t , respectively; 
𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡,  𝑆𝑀𝐵𝑝,𝑡 and 𝐻𝑀𝐿𝑝,𝑡 are Fama-French three factors; 
𝑈𝑀𝐷𝑝,𝑡 is Carhart (1997) momentum factor; 
𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑝,𝑡 is Pastor-Stambaugh (2003) liquidity factor;  
𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
2  and 𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
3  are the square and cube of market risk premium as 
measures of coskewness and cokurtosis, respectively.  
Using equation  (9) , we estimate the cross-sectional coefficients 
(  𝛾0,𝑡, 𝛾1,𝑡, … , 𝛾13,𝑡)  for each month  𝑡 . We then calculated the time-series 
average of coefficients, standard error of the coefficients and t-statistics. The t-
statistics indicates whether idiosyncratic skewness and idiosyncratic kurtosis 
are statistically significant at different levels. 
3.2.2  Actual Idiosyncratic Moments of Portfolios  
In the research on pricing effects of idiosyncratic moments, it is more 
typical in the literature to estimate portfolios’ idiosyncratic moments using 
averaged firm-level estimations outlined in equation (6), (7) and (8). 
Idiosyncratic skewness and kurtosis of the portfolio are not the linear 
combination of individual stocks’ counterparts in the portfolio. Thus, the 
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idiosyncratic moments of portfolios defined in equation (6), (7) and (8) is 
not the actual idiosyncratic moments of portfolios in that month.  
We construct the daily return for portfolios and estimate the actual 
idiosyncratic moments of portfolios using same estimation as outlined in 
equation (2), (3), (4) and (5). Specially, we first sort stocks into portfolios 
based on idiosyncratic skewness, 𝑖𝑠𝑖,𝑡 , or idiosyncratic kurtosis, 𝑖𝑘𝑖,𝑡  at the 
end of each month. We then construct the daily equal-weighted return 𝑟𝑝,𝑑 for 
portfolio p at day d in month t. To get the residual distribution of the portfolio 
p in month t, we regress portfolio’s daily returns on market factors: 
𝑟𝑝,𝑑−𝑟𝑓,𝑑 = 𝛼𝑝 + 𝛽𝑝(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑝𝑆𝑀𝐵𝑑 + ℎ𝑝𝐻𝑀𝐿𝑑 + 𝜀𝑝,𝑑 ,   (11)  
where 𝑟𝑝,𝑑 and 𝑟𝑓,𝑑 are the return for portfolio p and risk-free rate at day d; 
𝛼𝑝 is the intercept; 𝛽𝑝 and ℎ𝑝 are the factor loadings; 𝜀𝑝,𝑑 is the residual of 
the regression; 𝑆𝑀𝐵𝑑 and 𝐻𝑀𝐿𝑑 are defined same as before. Thus, we get the 
residual distribution of portfolio p in each month: {𝜀𝑝,1, , 𝜀𝑝,2 … 𝜀𝑝,𝑑}. Using the 
same estimation as outlined in (3), (4) and (5), we estimate idiosyncratic 
moments of portfolio p at the end of each month: 
𝑖𝑣𝑝,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑝,𝑑
2
𝑑∈𝑆(𝑡)
)
1
2
                                                          (12) 
𝑖𝑠𝑝,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑝,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑝,𝑡
3                                                                (13) 
 𝑖𝑘𝑝,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑝,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑝,𝑡
4 ,                                                          (14) 
where 𝑁(𝑡) and 𝑆(𝑡) hold the same notation as in section 3.1. 
We conduct F-test to test whether portfolios’ actual idiosyncratic moments 
in our sample have the same variance as individual stocks’ idiosyncratic 
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moments in our sample. The null hypothesis is that variance of idiosyncratic 
moments is identical through sorting procedure. At the end of each month, we 
test whether variance ratios 
𝑉𝑎𝑟(𝑖𝑠𝑝,𝑡)
𝑉𝑎𝑟(𝑖𝑠𝑖,𝑡)
 and 
𝑉𝑎𝑟(𝑖𝑘𝑝,𝑡)
𝑉𝑎𝑟(𝑖𝑘𝑖,𝑡)
 are equal to one. 
where 𝑉𝑎𝑟(𝑖𝑠𝑖,𝑡) and 𝑉𝑎𝑟(𝑖𝑠𝑝,𝑡)  are the variances of individual stocks’ 
idiosyncratic skewness and of portfolios’ idiosyncratic skewness in our sample 
at the end of month t, respectively; 𝑉𝑎𝑟(𝑖𝑘𝑖,𝑡) and 𝑉𝑎𝑟(𝑖𝑘𝑝,𝑡)  are the 
variances of individual stocks’ idiosyncratic kurtosis and of portfolios’ 
idiosyncratic skewness in our sample at the end of month t, respectively. 
𝑛𝑖,𝑡 and 𝑛𝑝,𝑡 are the numbers of individual stocks and portfolios in month t, 
respectively. 
3.2.3 Fama-MacBeth Regression at the Individual Stock Level 
We conduct Fama-MacBeth regression at the individual stock level 
following Ang, Hodrick, Xing and Zhang (2009). We run the following cross-
sectional regression at the end of each month t in our sample:  
𝑟𝑖,𝑡+1 − 𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑖,𝑡+𝛾2,𝑡𝑖𝑠𝑖,𝑡+𝛾3,𝑡𝑖𝑘𝑖,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡 +
𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑖,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡 +  𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡 +
𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑖,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑖,𝑡 + 𝛾12,𝑡𝐵𝑀𝑖,𝑦 +
𝛾13,𝑡𝑆𝑖𝑧𝑒𝑖,𝑦 + 𝜖𝑖,𝑡                                                                                                      (15)  
where 𝑟𝑖,𝑡+1 and 𝑟𝑓,𝑡+1 are the monthly return for stock i and risk-free rate at 
the end of month t+1, respectively; 
𝑖𝑣𝑖,𝑡 , 𝑖𝑠𝑖,𝑡  and 𝑖𝑘𝑖,𝑡  are idiosyncratic volatility, skewness and kurtosis of  
stock i observed in month t, respectively; we estimate all the betas with equation 
(10) at the individual stock level; 𝑚𝑜𝑚𝑖,𝑡 is the cumulative return on stock i 
over months t-12 to t; 
 17 
 
following Fama and French (1992), 𝐵𝑀𝑖,𝑦  is the book equity over market 
equity in December of year y-1 and is identical over year y; 
𝑆𝑖𝑧𝑒𝑖,𝑦 is the logarithm of market capitalization of firm i ending in June of year 
y and is identical over year y. We then calculate the time-series average of 
coefficients (  𝛾0,𝑡, 𝛾1,𝑡, … , 𝛾13,𝑡) , standard error of the coefficients, and t-
statistics. Then, t-statistics can indicate whether idiosyncratic skewness and 
idiosyncratic kurtosis are statistically significant. 
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Chapter 4. Data Collection 
In this Chapter, we describe our individual stock data in section 4.1 and 
then discuss the market data in section 4.2.  
4.1. Description of Individual Stock Data 
We use two databases to construct our individual stock dataset. We obtain 
the holding period return on individual stocks and firm’s market capitalization 
from CRSP. We also use Compustat to evaluate book equity of individual firms. 
4.1.1. Daily Frequency Individual Stock Data 
We obtain the return on individual stock from CRSP from January 2, 1970 
to December 31, 2013. The dataset also includes ticker, CRSP permanent 
company number, CUSIP, closing price and share volume. We use the daily 
holding period return of individual stock to estimate idiosyncratic moments at 
the end of each month. 
The individual stock daily dataset contains 72,242,176 observations, 
including 28081 firms traded on NYSE, AMEX and NASDAQ stock markets 
from January 2, 1970 to December 31, 2013. We then remove the empty or non-
exist data in the dataset and have 70,755,218 observations left.  
Table 1 reports descriptive statistics of numbers of trading companies in 
each month. 
[Please insert Table 1 about here.] 
4.1.2. Monthly Frequency Individual Stock Data 
We obtain monthly holding period return of individual stock data from 
CRSP from January 1970 to December 2013. The dataset also includes ticker, 
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CRSP permanent company number, CUSIP, closing price and share volume. 
We use monthly return data to estimate the betas in the first step of Fama-
MacBeth regression and run the cross-sectional Fama-MacBeth regressions. 
Besides, we use the product of closing price and share volume to measure stocks’ 
market capitalization. We measure firms’ size by the logarithm of market 
capitalization ending in each June. We use CUSIP to merge CRSP dataset with 
Compustat dataset. 
4.1.3. Annual Frequency Individual Stock Data 
We obtain stockholders’ equity, deferred tax liability and investment tax 
credit from Compustat from the fiscal year of 1969 to 2013. We use the annual 
frequency data to create book equity of the stock at the end of each fiscal year. 
Following Fama and French (1992), book equity is equal to stockholders’ equity 
plus deferred tax liability and investment tax credit (if applicable). Then, the 
book-to-market ratio is book equity for the fiscal year ending in calendar year 
t-1 divided by market equity at the end of December of t-1. 
 
4.2. Description of Market Data 
We use CRSP, Kenneth French data library5 and Robert F. Stambaugh 
data library6 to get market factors and return on market index. 
                                                 
5 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
6 http://finance.wharton.upenn.edu/~stambaugh/liq_data_1962_2013.txt, We are thankful that 
Dr. Stambaugh made these data available. 
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4.2.1. Daily Frequency Market Data 
We obtain Fama-French three-factor daily dataset from Kenneth French 
data library; it includes risk free rate, SMB, HML and excess return on the 
market from January 2, 1970 to December 31, 2013. We use the Fama-French 
three-factor daily data to compute idiosyncratic moments at the end of each 
month. 
4.2.2. Monthly Frequency Market Data 
We obtain monthly risk free rate, SMB factor, HML factor, UMD factor 
and excess return on the market from Fama-French Factors dataset via Wharton 
Research Data Services. We use these factors to create factor loadings in 
equation (11). 
Besides, we obtain monthly liquidity factor from Pastor-Stambaugh data 
library. We use monthly liquidity factor to get liquidity factor loading in 
equation (11). 
Finally, to study the correlation between idiosyncratic moments and 
market return, we obtain value-weighted monthly return and equal-weighted 
monthly return on CRSP Stock Market Indexes from January 1970 to December 
2013.  
For the CRSP Stock Market Indexes, the market groups of securities 
include individual NYSE, AMEX, and NASDAQ markets, as well as the 
NYSE/AMEX and NYSE/AMEX/NASDAQ market combinations. Published 
S&P 500 and NASDAQ Composite Index Data are also included. 
Besides, we also get the value-weighted monthly return and equal-
weighted monthly return on 25 portfolios formed on size and book-to-market 
ratio from January 1970 to December 2013 via Kenneth French data library. 
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In addition, we obtain S&P 500 Index monthly returns from CRSP. They 
are calculated by (SPINDX(t)/SPINDX(t-1)) – 1, where SPINDX is the level of 
the Standard & Poor's 500 Composite Index (prior to March 1957, 90-stock 
index) at the end of the month. 
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Chapter 5. Empirical Findings 
In this Chapter, we present our empirical findings. First, in section 5.1, we 
introduce time series variation of idiosyncratic moments. Second, we discuss 
the actual idiosyncratic moments of portfolios in section 5.2. Third, we show 
Fama-MacBeth regressions in section 5.3. 
5.1. Time Series Variation of Idiosyncratic Moments 
We first study the time series variation of idiosyncratic moments. We use 
the methodology described above (equation (3), (4) and (5)) to estimate the 
idiosyncratic moments of each stock at the end of each month from January 
1970 to December 2013. Then, we get the cross-sectional distribution of 
idiosyncratic moments in each month. We calculate the mean, median and 95% 
confidence interval of each distribution. By plotting the statistics, we can show 
time series variation of idiosyncratic moments. The Figure 1 shows time series 
variation of idiosyncratic moments. 
[Please insert Figure 1 about here.] 
Panel A of Figure 1 shows an increasing trend in idiosyncratic volatility 
from 1977 to 2000, consistent with the findings of Campbell, Lettau, Malkiel 
and Xu (2001). From panel A, B and C of Figure 1, we suggest that idiosyncratic 
volatility and idiosyncratic kurtosis are more stable than idiosyncratic skewness 
over time from 1970 to 2013, consistent with the findings of Harvey and 
Siddique (1999) and Boyer et al. (2010). Besides, panel B of Figure 1 indicates 
that idiosyncratic skewness is always positive from 1970 to 2013. This finding 
is consistent with the finding of Albuquerque (2012). In addition, we find that 
idiosyncratic volatility reaches its peak during October 1998, December 2000 
and October 2008 from panel A of Figure 1. These periods indicate the 1997-
1998 Asian financial crisis and 2007-2008 financial crisis. Lastly, we observe 
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two structural breaks during 1972-1973 and 1992-1993 from panel C of Figure 
1.  
We describe the descriptive statistics of idiosyncratic moments’ mean and 
median from January 1970 to December 2013. 
[Please insert Table 2 about here.] 
In Table 2, from January 1970 to December 2013, mean of idiosyncratic 
volatility has an average of 0.0270 and a standard deviation of 0.0077; mean of 
idiosyncratic skewness has an average of 0.1649 and a standard deviation of 
0.1211; mean of idiosyncratic kurtosis has an average of 4.0264 and a standard 
deviation of 0.4452. 
Moreover, we also investigate the correlation between idiosyncratic 
moments and market index returns. We calculate the correlations between 
equal-weighted idiosyncratic moments (skewness and kurtosis) and CRSP 
Stock Market Indexes (equal-weighted and value-weighted), 25 portfolios 
based on size and book-to-market ratio monthly return and S&P 500 index 
monthly return, separately. Table 3 reports the results. 
[Please insert Table 3 about here.] 
In Table 3, averaged idiosyncratic skewness is strongly and positively 
correlated to the three measures of market index returns, with the correlation of 
0.5349, 0.7194 and 0.5863, respectively. Averaged idiosyncratic kurtosis is also 
positively correlated to the three measures of market index returns, with the 
correlation of 0.0553, 0.0970 and 0.0823, respectively. Correlations between 
averaged idiosyncratic moments and Fama-French 25 portfolio returns show 
consistent results. High correlation between averaged idiosyncratic skewness 
and return of market index indicates that idiosyncratic skewness is a good 
predictor of stock return realized in the same period.  
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In addition, we calculate the correlations between idiosyncratic moments 
and market factors. We include all the market factors in equation (11). Equal-
weighted idiosyncratic moments are created at the end of each month from 
January 1970 to December 2013. All the factors are on a monthly basis from 
January 1970 to December 2013. We show results in Table 4.  
[Please insert Table 4 about here.] 
In Table 4, we find that correlations between idiosyncratic skewness and 
other factors or idiosyncratic moments are all significant at 5% level except for 
liquidity factor. Idiosyncratic skewness is highly correlated with SMB (with the 
correlation 0.476, significant at 1% level) and market risk premium (with the 
correlation 0.577, significant at 1% level). High and significant correlations 
between idiosyncratic skewness and other factors indicate that pricing 
capability of idiosyncratic skewness could be attributed SMB factor and market 
risk premium factor. We find that idiosyncratic kurtosis and idiosyncratic 
volatility share a correlation of -0.265, significant at 1% level.  
 
5.2.  Actual Idiosyncratic Moments of Portfolios 
We estimate the actual idiosyncratic moments of portfolios. At the end of 
each month t from January 1970 to December 2013, we sort stocks into ten 
portfolios ranking on their idiosyncratic skewness or idiosyncratic kurtosis 
observed at the end of month t. We compute daily equal-weighted returns for 
the portfolio and use Fama-French three factor model to estimate the 
distribution of residuals in month t. Then, we estimate the idiosyncratic 
moments of portfolio in month t using equation (12), (13) and (14). In Table 
5, we report descriptive statistics of portfolios’ actual idiosyncratic moments. 
[Please insert Table 5 about here.] 
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Column 3, 4, 5 and 6 in Table 5 show that idiosyncratic moments of 
portfolio shrink to a lower range. Besides, we find that the average one-period 
forward returns for the lowest idiosyncratic volatility decile exceed the ones of 
the highest idiosyncratic volatility decile by 0.61% per month; average one-
period forward returns for the highest idiosyncratic skewness decile exceed the 
ones of the lowest idiosyncratic skewness decile by 0.08% per month; the 
average one-period forward returns for the highest idiosyncratic kurtosis decile 
exceed the ones of the lowest idiosyncratic kurtosis decile by 0.07% per month. 
We do not observe any monotonic trends among expected returns in different 
deciles. In panel C of Table 5, column (4) and column (6) show that averaged 
and actual idiosyncratic kurtosis of the portfolio have different monotones, 
suggesting that actual idiosyncratic kurtosis of the portfolio is not a linear 
combination of their individual level counterpart.  
We conduct an F-test to test whether actual idiosyncratic moments of 
portfolios have the same variance as that of the idiosyncratic moments of 
individual stocks. The null hypothesis is that variance of idiosyncratic moments 
stay constant after sorting procedure. We include one hundred portfolios formed 
through ranking idiosyncratic moments sorting as mentioned in section 3.2.1 in 
our F-test. We present our results in Table 6. 
[Please insert Table 6 about here.] 
Panel B of Table 6 reports the results of F-tests. We run our F-test at the 
end of each month from January 1970 to December 2013. We reject 523 out of 
528 tests in idiosyncratic skewness sorting procedure and reject 525 out of 528 
tests in idiosyncratic kurtosis sorting procedure at 5% significance level. These 
results indicate that actual idiosyncratic moments of portfolios and of individual 
stocks come from different distributions. We suggest that diversification effects 
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in the sorting procedure change the actual idiosyncratic moments’ distribution 
of portfolios. 
 
5.3. Fama-MacBeth Regressions 
5.3.1 Fama-MacBeth Regression at the individual level 
To assess the pricing effects of idiosyncratic skewness and kurtosis, we 
conduct cross-sectional regressions approach following Fama and MacBeth 
(1973). We find a negative and significant relationship between idiosyncratic 
skewness and expected returns in cross-section, consistent with Boyer et. al 
(2010). In our model, we includes idiosyncratic skewness and kurtosis, along 
with other market factors loadings and characteristics shown in equation(15). 
Table 7 reports our results.  
[Please insert Table 7 about here.] 
We include all betas and characteristics in cross-sectional regressions and 
report the average of coefficients and t-statistics in Column 3 of Table 7. 
Besides, we just include characteristics in cross-sectional regressions and report 
the results in Column 2 of Table 7. Column 1 of Table 7 only includes factor 
loadings and idiosyncratic moments as explanatory variables. 
Table 7 indicates that whether we include the factor loadings only (column 
1), the characteristics only (column 2), or both factor loadings and 
characteristics (column 3), the coefficients on idiosyncratic skewness are 
negative and significant at 1% level, with the value of -0.1%, -0.11% and -
0.12%, respectively. The results indicate that pricing effect of idiosyncratic 
skewness is robustness to the different factors and characteristics usually 
included in the Fama-MacBeth pricing tests. We show that idiosyncratic 
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skewness can contribute to explaining the one-month forward expected return. 
In column 1 of table 7, risk premium on HML factor is positive and significant 
at 5% level; risk premiums on UMD factor and coskewness are negative and 
significant at 1% level. Column 2 and column 3 show that size and momentum 
can also help explain the expected return. Idiosyncratic volatility and skewness 
are not priced in the model.  
In Figure 2, we plot the time series of coefficients on 𝑖𝑠𝑖,𝑡 and 𝑖𝑘𝑖,𝑡 in 
Column 3 of Table 7. 
[Please insert Figure 2 about here.] 
Panel A of Figure 2 indicates that the coefficient on idiosyncratic skewness 
reaches its maximum level at 2.28% in November 1999. It also indicates that 
the coefficient on idiosyncratic skewness reaches its minimum level at -2.44% 
in January 1975. Panel B of Figure 2 indicates that the coefficient on 
idiosyncratic kurtosis reaches its maximum level at 0.77% in September 1978. 
It also indicates that the coefficient on idiosyncratic kurtosis reaches its 
minimum level at -1.57% in January 2000. 
 
5.3.2 Tests on Sub-period Samples at the Individual Level 
We create sub-period samples and run Fama-MacBeth regressions on sub-
period datasets. We run this sub-period sample test for several reasons. First, 
we observe two noticeable structural breaks in averaged idiosyncratic kurtosis 
in panel C of Figure 1. Second, we find that idiosyncratic volatility increases 
from the lowest level to the highest level during the financial crisis from 2007-
2008 in panel A of Figure 1. We can investigate the impact of financial crisis 
on idiosyncratic moments pricing effect by testing whether our model is 
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predicable during financial crisis. Moreover, we can assess the stability of the 
skewness pricing results. 
We first split our sample using endogenously determined structural breaks7. 
We create breakpoints at April 1992 and June 2007. Specifically, April 1992 is 
one of the structural break dates shown in panel C of Figure 1 (The other 
structural break point at 1972 is ignored because the data is not included in 
Fama-MacBeth cross-sectional regression). Besides, June 2007 is the beginning 
date of financial crisis. Table 8 presents our sub-period tests results. 
[Please insert Table 8 about here.] 
The results in sub-period samples tests are consistent with the ones in the 
overall sample test. Specifically, in Table 8, we find that in the sub-period of 
January 1975-April 1992 and July 2007-November 2013, idiosyncratic 
skewness shows pricing capability at 1% and 5% significant level, respectively. 
The pricing effect of idiosyncratic skewness disappears during May 1992 to 
June 2007. In the same period, coefficients on idiosyncratic volatility and 
kurtosis are 14.9% and -0.06%, respectively, both significant at 1% level. In the 
other two sub-periods (January 1975-April 1992 and July 2007-November 
2013), coefficients on idiosyncratic volatility are negative, consistent with Ang 
et. al (2006). Besides, we find that only idiosyncratic skewness can help explain 
expected return during the period July 2007-November 2013 in our model, 
indicating that idiosyncratic skewness is a strong predictor of expected return 
during the financial crisis period. The results in the July 2007-November 2013 
show that our model is predictable during the financial crisis period.  
                                                 
7  Following Bai and Perron (2003), we employ the multiple structural change test to test the 
structural breakpoint in the time series of idiosyncratic moments. We do find two structural 
breaks that correspond to the two structural breakpoints observed in Panel C of Figure 1 (in 
1972 and 1992). We do not find any structural breaks in the time series of idiosyncratic 
volatility or skewness. 
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Besides, we divide our sample into three equal sub-periods. Table 9 
presents our equal-sized sub-period tests 
[Please insert Table 9 about here.] 
In Table 9, at the first and second sub-period, coefficients on idiosyncratic 
skewness are -0.17% and -0.13%, respectively, significant at 1% level. Besides, 
we find that coefficients on idiosyncratic skewness have an increasing trend 
over time, with the value -0.17%, -0.13% and -0.06% in three equal-sized sub-
period, respectively. Table 8 and Table 9 show consistent results, indicating that 
the idiosyncratic skewness pricing results at the individual level is robustness. 
We also find that idiosyncratic volatility is positive related to expected returns 
in the period December 1987 to November 2001, consistent with the sub-period 
test created on structural break. Moreover, Table 9 shows that idiosyncratic 
kurtosis is irrelevant to explaining the expected return. 
5.3.3 Fama-MacBeth Regression at the Portfolio Level 
In this section, we discuss Fama-MacBeth regression at the portfolio level 
as an alternative approach. We use the cross-sectional regression outlined as 
equation (15) . Table 10 reports the testing results on portfolios sorted on 
ranking idiosyncratic skewness. 
[Please insert Table 10 about here.] 
Table 10 shows some evidence that idiosyncratic skewness is priced. 
Specifically, in column 2 of Panel A, the coefficient on idiosyncratic skewness 
is -0.06%, significant at 5% level. In column (1) and (3) of Table 10, we find 
that pricing effect of idiosyncratic skewness disappears when we include factor 
loadings in our model. One possible explanation for this contradiction is factor 
loadings are correlated to the idiosyncratic moments. We also show that SMB 
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and UMD factor can attribute to explaining the expected return. Moreover, we 
find that idiosyncratic volatility and kurtosis are not priced. 
We find a negative and significant pricing effect of idiosyncratic skewness 
when testing idiosyncratic kurtosis-sorted portfolios, consistent with our main 
finding. Table 11 reports the testing results on portfolios sorted on ranking 
idiosyncratic kurtosis. 
[Please insert Table 11 about here.] 
Table 11 indicates that the coefficients on idiosyncratic skewness in 
idiosyncratic kurtosis-sorted procedure are negative and significant at 1% level, 
with the value -0.23%, -0.24% and -0.26%. Besides, idiosyncratic volatility and 
idiosyncratic kurtosis are not priced, consistent with the results in individual 
stock level tests. Risk premiums of HML are positive and significant at 5% level 
in both sorting procedures. Moreover, momentum can help explain portfolio 
expected returns in kurtosis-sorted procedure.  
In Figure 3, we plot the time series of coefficients on 𝑖𝑠𝑖,𝑡 and 𝑖𝑘𝑖,𝑡 in 
Column 3 of Table 10. In Figure 4, we plot the time series of coefficients on 
𝑖𝑠𝑖,𝑡 and 𝑖𝑘𝑖,𝑡 in Column 3 of Table 11. 
 [Please insert Figure 3 about here.] 
 [Please insert Figure 4 about here.] 
Our research on Fama-MacBeth regression at the portfolio level supports 
our finding: idiosyncratic skewness has additional contribution in explaining the 
cross-section of expected returns while idiosyncratic volatility and kurtosis are 
not priced. We show that idiosyncratic skewness is not priced when portfolios 
are formed through idiosyncratic skewness sorting, while it is priced when 
portfolios are formed through idiosyncratic kurtosis sorting. 
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5.3.4 Tests on Sub-period Samples at the Portfolio Level 
We conduct sub-period sample tests at the portfolio level. The sub-period 
samples are created on structural break or equally created, same as the 
approaches in 5.3.2. Our object is to assess the stability of the skewness pricing 
results in Fama-MacBeth approach at the portfolio level. Table 12 and Table 13 
report sub-period tests on Fama-MacBeth regression at the portfolio level sorted 
on idiosyncratic skewness. 
[Please insert Table 12 about here.] 
[Please insert Table 13 about here.] 
Results in Table 12 are consistent with former results in the overall dataset 
in section 5.3.3. Specifically, idiosyncratic volatility, skewness and kurtosis 
show no pricing effects in the three equal-sized sub-periods. In Table 13, 
idiosyncratic volatility shows negative pricing effects in the sub-period from 
January 1975 to November 1987, consistent with the finding of Ang et al. (2006). 
Neither idiosyncratic skewness nor idiosyncratic kurtosis is priced in the sub-
period test created on structural break. 
Table 14 and Table 15 report sub-period tests on Fama-MacBeth 
regression at the portfolio level sorted on idiosyncratic kurtosis. 
[Please insert Table 14 about here.] 
[Please insert Table 15 about here.] 
We can find some evidence that idiosyncratic skewness is priced when 
testing the idiosyncratic kurtosis-sorted portfolios. In Table 14, coefficient on 
idiosyncratic skewness in the first sub-period is -0.0023, significant at 1% level. 
In Table 15, coefficients on idiosyncratic skewness are negative and significant 
at 10% level in the first and third sub-period. We also find that idiosyncratic 
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volatility is positive and significant related to expected return from May 1992 
to June 2007 in Table 14 and from December 1987 to November 2011 in Table 
15. Idiosyncratic kurtosis is not priced in each sub-period, consistent with our 
main results. 
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Chapter 6. Conclusion 
Previous research have studied the pricing effects of idiosyncratic 
volatility and skewness. Ang, Hodrick, Xing and Zhang (2006) find that 
idiosyncratic volatility is negatively related to the return on the market. Boyer, 
Mitton and Vorkink (2010) suggest that expected idiosyncratic skewness is 
negatively related to expected return. However, to our knowledge, literature 
does not shed light on the pricing effect of idiosyncratic kurtosis. Time series 
variation and pricing effect of idiosyncratic kurtosis remain unknown. Our 
study addresses these issues by investigating the time series variation of average 
idiosyncratic skewness and kurtosis, as well as pricing effects of idiosyncratic 
higher moments (volatility skewness and kurtosis) using the Fama-MacBeth 
approach. 
Our idiosyncratic moments’ estimations follows Boyer, Mitton and 
Vorkink (2010). We regress the daily returns of each stock on daily SMB, HML 
and market risk premium factor at the end of each month. We then get the 
residuals of the Fama-French three factor model and estimate the moments of 
residuals. Moments of residuals are the idiosyncratic moments of the stock.  
We study the time series variation of idiosyncratic moments from 1970 to 
2013. We suggest that idiosyncratic volatility and idiosyncratic kurtosis are 
more stable than idiosyncratic skewness. Besides, we observe two structural 
breaks in time series variation of idiosyncratic kurtosis and find that 
idiosyncratic volatility reaches its peak during financial crisis from 2007 to 
2008. 
We estimate the actual idiosyncratic moments of portfolios. We present 
that actual idiosyncratic kurtosis of portfolios formed through ranking 
idiosyncratic kurtosis sorting is not a monotonic sequence. We also show that 
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actual idiosyncratic moments of portfolios and of individual stocks come from 
different distributions. 
Using a sample of US stocks traded on NYSE, AMEX and NASDAQ stock 
markets from January 1970 to December 2013, we find that coefficient on 
idiosyncratic skewness in the Fama-MacBeth regression at the individual stock 
level is negative and significant at 5% level, consistent with the finding of Boyer 
et al. (2010). We also run sub-period sample tests to test the robustness. We 
create the breakpoints of the sample based on the date of structural break 
observed in time series variation of idiosyncratic kurtosis and beginning date of 
financial crisis. The results of the test on sub-period samples are consistent with 
the ones of the test on whole sample. Besides, we find that idiosyncratic 
skewness is a strong predictor of expected return in financial crisis period. 
We also take typical Fama-MacBeth regression at the portfolio level. We 
find that idiosyncratic skewness is priced testing on idiosyncratic kurtosis-
sorted portfolio. The results of sub-period test at the portfolio level support our 
main finding that idiosyncratic skewness has negative pricing effect while 
idiosyncratic volatility and kurtosis is not priced.   
Our research contributes to the literature in the following areas: (1) we 
study the time series variation of idiosyncratic kurtosis and identify two 
structural breaks in 1972-1973 and 1992-1993. (2) We estimate the actual 
idiosyncratic moments of the portfolios. We show that actual idiosyncratic 
kurtosis of portfolios formed through ranking idiosyncratic kurtosis sorting is 
not a monotonic sequence. (3) By conducting Fama-MacBeth regression at the 
individual level, we confirm the main result of Boyer et al. (2010) that 
idiosyncratic skewness has negative pricing effects. We find some consistent 
results when testing on sub-period samples. Idiosyncratic skewness is not priced 
when portfolios are formed through idiosyncratic skewness sorting, while it is 
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priced when portfolios are formed through idiosyncratic kurtosis sorting. We 
also shed light on the pricing effect of idiosyncratic kurtosis. We conclude that 
idiosyncratic kurtosis is not priced. 
Our research of idiosyncratic moments pricing effects can be extended in 
several ways. First, more light could be shed on investigating the cause of the 
structural break in idiosyncratic kurtosis during 1972-1973 and 1992-1993. 
Second, further research could focus on the period after financial crisis to fully 
explain why only idiosyncratic skewness shows pricing ability in the period. 
Last, we find that idiosyncratic skewness is not priced when portfolios are sorted 
through idiosyncratic skewness ranking, while it is priced at the individual stock 
level or portfolio sorted through idiosyncratic kurtosis ranking. Further 
investigation is required to explaining this puzzling finding. 
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Table 1 Numbers of Trading Companies in NYSE, AMEX and NASDAQ 
Stock Markets 
This table presents the description numbers of trading companies that obtained from Center 
for Research in Security Prices (CRSP) during the period from January 1970 to December 
2013.  
Year Mean Median Min Max 
1970 2,387.0 2,387.0 2,331.0 2,430.0 
1971 2,483.5 2,476.5 2,433.0 2,553.0 
1972 2,881.5 2,628.5 2,566.0 5,697.0 
1973 5,584.9 5,577.0 5,347.0 5,758.0 
1974 5,133.9 5,151.5 4,970.0 5,253.0 
1975 4,954.5 4,957.5 4,924.0 4,979.0 
1976 5,009.3 5,008.5 4,974.0 5,046.0 
1977 5,003.6 5,018.0 4,960.0 5,033.0 
1978 4,900.4 4,894.0 4,878.0 4,948.0 
1979 4,849.9 4,853.0 4,833.0 4,877.0 
1980 4,909.8 4,881.0 4,855.0 5,037.0 
1981 5,265.0 5,296.0 5,058.0 5,446.0 
1982 5,430.0 5,411.5 5,346.0 5,570.0 
1983 5,824.2 5,785.5 5,562.0 6,220.0 
1984 6,354.7 6,368.5 6,255.0 6,398.0 
1985 6,356.5 6,353.0 6,332.0 6,393.0 
1986 6,526.7 6,541.5 6,328.0 6,768.0 
1987 7,048.3 7,096.5 6,734.0 7,277.0 
1988 7,125.6 7,126.0 7,050.0 7,191.0 
1989 6,919.8 6,918.0 6,850.0 7,007.0 
1990 6,821.7 6,840.5 6,739.0 6,859.0 
1991 6,746.3 6,733.0 6,684.0 6,855.0 
1992 6,926.5 6,934.5 6,848.0 7,001.0 
1993 7,339.2 7,327.5 7,004.0 7,795.0 
1994 8,089.9 8,129.0 7,831.0 8,255.0 
1995 8,323.8 8,301.0 8,228.0 8,516.0 
1996 8,814.2 8,839.5 8,515.0 9,115.0 
1997 9,140.0 9,129.5 9,092.0 9,213.0 
1998 9,036.4 9,100.0 8,823.0 9,145.0 
1999 8,561.6 8,547.0 8,445.0 8,722.0 
2000 8,379.7 8,395.0 8,237.0 8,440.0 
2001 7,792.7 7,774.0 7,492.0 8,135.0 
2002 7,249.0 7,250.5 7,084.0 7,445.0 
2003 6,831.8 6,800.5 6,730.0 7,030.0 
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Table 1 Continued 
Year Mean Median Min Max 
2004 6,733.0 6,729.5 6,706.0 6,765.0 
2005 6,774.4 6,776.5 6,747.0 6,797.0 
2006 6,813.0 6,815.5 6,750.0 6,894.0 
2007 6,986.5 7,004.0 6,895.0 7,044.0 
2008 6,957.7 6,984.0 6,845.0 7,034.0 
2009 6,646.9 6,614.5 6,569.0 6,793.0 
2010 6,615.9 6,614.5 6,592.0 6,647.0 
2011 6,706.0 6,719.5 6,634.0 6,743.0 
2012 6,727.8 6,744.0 6,664.0 6,761.0 
2013 6,704.2 6,691.0 6,642.0 6,798.0 
Total 6,424.3 6,733.0 2,331.0 9,213.0 
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Table 2 Descriptive Statistics of Idiosyncratic Moments’ Mean and 
Median 
This table presents descriptive statistics of mean and median of idiosyncratic volatility, 
skewness and kurtosis from January 1970 to December 2013. At the end of each month, we 
estimate idiosyncratic moments as 𝑖𝑣𝑖,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
2
𝑑∈𝑆(𝑡) )
1
2
,  𝑖𝑠𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
3 ,  𝑖𝑘𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
4  , where 𝑆(𝑡) is the set of trading days from the first day of month t to the end of 
month t; 𝑁(𝑡) is the number of trading days in this set; 𝜀𝑖,𝑑  is the residual obtained from 
Fama-French three factor model 𝑟𝑖,𝑑 − 𝑟𝑓,𝑑 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑖𝑆𝑀𝐵𝑑 + ℎ𝑖𝐻𝑀𝐿𝑑 +
𝜀𝑖,𝑑 , where 𝑟𝑖,𝑑  and 𝑟𝑓,𝑑  are the return for asset i and risk-free rate at day d, respectively; 
(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑), 𝑆𝑀𝐵 and 𝐻𝑀𝐿 are market risk premium, “Small minus big” factor and “High 
minus low” factor, respectively.  
 Mean Min Max 
Standard 
deviation 
Mean of idiosyncratic volatility 0.0270 0.0154 0.0547 0.0077 
Median of idiosyncratic 
volatility 
0.0208 0.0102 0.0449 0.0056 
Mean of idiosyncratic skewness 0.1649 -0.2923 0.5650 0.1211 
Median of idiosyncratic 
skewness 
0.1486 -0.2219 0.4672 0.0977 
Mean of idiosyncratic kurtosis 4.0264 3.3354 5.0333 0.4452 
Median of idiosyncratic kurtosis 3.3133 2.9457 3.8617 0.2271 
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Table 3 Correlations between Idiosyncratic Moments and Market 
Returns 
This table presents Pearson correlations between idiosyncratic moments and market returns. We 
estimate idiosyncratic moments as 𝑖𝑣𝑖,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
2
𝑑∈𝑆(𝑡) )
1
2
,  𝑖𝑠𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
3 ,  𝑖𝑘𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
4  , where 𝑆(𝑡) is the set of trading days from the first day of month t to the end of 
month t; 𝑁(𝑡) is the number of trading days in this set; 𝜀𝑖,𝑑  is the residual obtained from 
Fama-French three factor model 𝑟𝑖,𝑑 − 𝑟𝑓,𝑑 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑖𝑆𝑀𝐵𝑑 + ℎ𝑖𝐻𝑀𝐿𝑑 +
𝜀𝑖,𝑑 , where 𝑟𝑖,𝑑  and 𝑟𝑓,𝑑  are the return for asset i and risk-free rate at day d, respectively; 
(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑), 𝑆𝑀𝐵 and 𝐻𝑀𝐿 are market risk premium, “Small minus big” factor and “High 
minus low” factor, respectively. We define averaged idiosyncratic moments as the mean of 
idiosyncratic moments of individual stocks in our dataset at the end of each month from January 
1970 to December 2013. We obtain S&P 500 Index monthly returns from CRSP. Index monthly 
returns are calculated by (SPINDX(t)/SPINDX(t-1)) – 1, where SPINDX is the level of the 
Standard & Poor's 500 Composite Index at the end of the trading day or month. For CRSP Stock 
Market Indexes, the market groups of securities are the individual NYSE, AMEX, and 
NASDAQ markets, as well as the NYSE/AMEX and NYSE/AMEX/NASDAQ market 
combinations. We also include Published S&P 500 and NASDAQ Composite Index Data. We 
obtain CRSP Stock Market Indexes from CRSP. 25 portfolios are sorted by size and book-to-
market ratio. We obtain 25 portfolios monthly returns from Kenneth French data library. 
Averaged idiosyncratic moments are the means of the idiosyncratic moments in each month. 
Bold face indicates significance at the 1% level. 
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Table 3 Continued  
Panel A. Correlations between idiosyncratic movements and S&P 500 
Index monthly returns and CRSP Stock Market Indexes 
 
S&P 500 
Index 
monthly 
returns 
CRSP Stock Market 
Indexes (equal-
weighted) 
CRSP Stock Market 
Indexes (value-
weighted) 
Averaged 
idiosyncratic 
volatility 
-0.0297 -0.0125 -0.0401 
Averaged 
idiosyncratic 
skewness 
0.5349 0.7194 0.5863 
Averaged 
idiosyncratic 
kurtosis 
0.0553 0.0970 0.0823 
Panel B. Correlations between idiosyncratic movements and 25 
portfolios monthly returns ( Value-weighted) 
 
 Min Median Max Mean 
Averaged 
idiosyncratic 
volatility 
-0.2829 0.0295 0.0644 0.0113 
Averaged 
idiosyncratic 
skewness 
0.0069 0.6091 0.6791 0.5677 
Averaged 
idiosyncratic 
kurtosis 
-0.0218 0.0932 0.8763 0.1128 
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Table 3 Continued  
Panel C. Correlations between idiosyncratic movements and 25 
portfolios monthly returns ( Equal-weighted) 
 Min Median Max Mean 
Averaged 
idiosyncratic 
volatility 
-0.2829 0.0747 0.0464 0.0247 
Averaged 
idiosyncratic 
skewness 
0.0069 0.6056 0.7129 0.5761 
Averaged 
idiosyncratic 
kurtosis 
-0.0218 0.0900 0.8763 0.1140 
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Table 4 Correlations between Idiosyncratic Moments and Factors 
This table presents Pearson correlations between idiosyncratic moments and factors. We 
estimate idiosyncratic moments as 𝑖𝑣𝑖,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
2
𝑑∈𝑆(𝑡) )
1
2
,  𝑖𝑠𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
3 ,  𝑖𝑘𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
4  , where 𝑆(𝑡) is the set of trading days from the first day of month t to the end of 
month t; 𝑁(𝑡) is the number of trading days in this set; 𝜀𝑖,𝑑  is the residual obtained from 
Fama-French three factor model 𝑟𝑖,𝑑 − 𝑟𝑓,𝑑 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑖𝑆𝑀𝐵𝑑 + ℎ𝑖𝐻𝑀𝐿𝑑 +
𝜀𝑖,𝑑 , where 𝑟𝑖,𝑑  and 𝑟𝑓,𝑑  are the return for asset i and risk-free rate at day d, respectively 
(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑), 𝑆𝑀𝐵 and 𝐻𝑀𝐿 are market risk premium, “Small minus big” factor and “High 
minus low” factor, respectively. 
iv, is and ik are equal-weighted idiosyncratic volatility, idiosyncratic skewness and 
idiosyncratic kurtosis in our sample at the end of each month from January 1970 to December 
2013. All the factors are on a monthly basis. SMB, HML and rp are “small minus big” “high 
minus low” and market risk premium, respectively. rp 2 and rp3 are squared and cubed market 
risk premium as measures of coskewness and cokurtosis, respectively. UMD is Carhart (1997) 
momentum factor and liq is Pastor-Stambaugh (2003) liquidity factor. Significance at 1%, 5% 
and 10% level is indicated by ***, ** and *, respectively. 
 iv is ik SMB HML UMD liq rp rp2 rp3 
iv 1.000          
is 0.090** 1.000         
ik -0.265*** 0.086** 1.000        
SMB -0.010 0.476*** 0.075* 1.000       
HML -0.048 -0.185*** 0.010 -0.244*** 1.000      
UMD -0.046 -0.112** 0.022 -0.037 -0.145*** 1.000     
liq -0.042 -0.023 0.018 -0.019 0.038 -0.030 1.000    
rp -0.036 0.577*** 0.043 0.290*** -0.319*** -0.147*** -0.040 1.000   
rp2 0.263*** -0.101** 0.033 -0.169*** 0.023 -0.102** -0.008 -0.170*** 1.000  
rp3 -0.127*** 0.291*** 0.050 0.219*** -0.162*** -0.036 -0.034 0.639*** -0.498*** 1.000 
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Table 5 Descriptive Statistics of Portfolios Sorted by Level of 
Idiosyncratic Moments 
We estimate individual stocks’ idiosyncratic moments as 𝑖𝑣𝑖,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
2
𝑑∈𝑆(𝑡) )
1
2
,  𝑖𝑠𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
3 ,  𝑖𝑘𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
4  ,where 𝑆(𝑡) is the set of trading days from the first day of 
month t to the end of month t; 𝑁(𝑡) is the number of trading days in this set; 𝜀𝑖,𝑑 is the residual 
obtained from Fama-French three factor model 𝑟𝑖,𝑑 − 𝑟𝑓,𝑑 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑖𝑆𝑀𝐵𝑑 +
ℎ𝑖𝐻𝑀𝐿𝑑 + 𝜀𝑖,𝑑, 𝑟𝑖,𝑑 and 𝑟𝑓,𝑑 are the return for asset i and risk-free rate at day d, respectively; 
(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑), 𝑆𝑀𝐵 and 𝐻𝑀𝐿 are market risk premium, “Small minus big” factor and “High 
minus low” factor, respectively.  
We then sort stocks into ten portfolios at the end of each month t ranking on idiosyncratic 
moments observed in month t. We construct the equal-weighted daily return for the portfolio in 
each month. We then estimate the actual idiosyncratic moments of the portfolio in month t with 
the formula: 𝑖𝑣𝑝,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑝,𝑑
2
𝑑∈𝑆(𝑡) )
1
2
,  𝑖𝑠𝑝,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑝,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑝,𝑡
3 ,  𝑖𝑘𝑝,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑝,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑝,𝑡
4  , ,where 𝑆(𝑡) is the set of trading days from the first day of month t to the end 
of month t; 𝑁(𝑡) is the number of trading days in this set ; 𝜀𝑝,𝑑 is the residual obtained from 
Fama-French three factor model 𝑟𝑝,𝑑−𝑟𝑓,𝑑 = 𝛼𝑝 + 𝛽𝑝(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑝𝑆𝑀𝐵𝑑 + ℎ𝑝𝐻𝑀𝐿𝑑 +
𝜀𝑝,𝑑, where 𝑟𝑝,𝑑 and 𝑟𝑓,𝑑 are the return for asset p and risk-free rate at day d; (𝑟𝑚,𝑑 − 𝑟𝑓,𝑑), 
𝑆𝑀𝐵 and 𝐻𝑀𝐿 are market risk premium, “Small minus big” factor and “High minus low” 
factor, respectively. 
This table reports descriptive statistics for the ten deciles, where the first decile represents for 
the stocks with lowest idiosyncratic volatility (in Panel A), idiosyncratic skewness (in Panel B) 
or idiosyncratic kurtosis (in Panel C), and the tenth decile represents for the stocks with highest 
idiosyncratic volatility (in Panel A), idiosyncratic skewness (in Panel B) or idiosyncratic 
kurtosis (in Panel C). Column 1 reports the time-series average of equal-weight returns in month 
t+1. Column 2 reports the time-series standard deviation of portfolio returns. Column 3 and 4 
report the time-series average of averaged idiosyncratic moments of individual stocks in the 
portfolio (is stands for idiosyncratic skewness and ik stands for idiosyncratic kurtosis). Column 
5 and 6 report the time-series average of the portfolios’ actual idiosyncratic moments. We report 
t-statistics in parentheses. 
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Table 5 Continued  
Panel A. Descriptive statistics of portfolios sorted by level of idiosyncratic 
volatility 
 (1) (2) (3) (4) (5) (6) 
 
Mean of return Standard deviation Averaged is  Averaged ik 
is of 
portfolio 
ik of portfolio 
1 (low) 0.0127  0.0327  0.0655  3.7489  0.0297  2.9648  
2 0.0143  0.0401  0.0771  3.5345  0.0307  2.8750  
3 0.0149  0.0447  0.0971  3.5631  -0.0128  2.8877  
4 0.0155  0.0487  0.1195  3.6177  0.0078  2.9067  
5 0.0160  0.0522  0.1467  3.6887  0.0003  2.8603  
6 0.0170  0.0561  0.1694  3.7727  -0.0198  2.8428  
7 0.0174  0.0628  0.1988  3.8839  0.0109  2.9392  
8 0.0170  0.0691  0.2337  4.0140  0.0161  2.9301  
9 0.0163  0.0761  0.2861  4.2179  0.0266  2.9784  
10  0.0188  0.0936  0.4766  4.8071  0.1381  3.1100  
(High)       
1-10 -0.0061      
 (-1.7033)      
 
 
Panel B. Descriptive statistics of portfolios sorted by level of idiosyncratic 
skewness 
 (1) (2) (3) (4) (5) (6) 
 Mean of return Standard deviation Averaged is  Averaged ik is of portfolio ik of portfolio 
1 (low) 0.0152 0.0529 -1.3769 5.9065 -0.3214 3.1425 
2 0.0161 0.0536 -0.5516 3.3841 -0.1859 2.9249 
3 0.0161 0.0549 -0.2755 2.9611 -0.1220 2.9261 
4 0.0153 0.0564 -0.0839 2.8380 -0.0718 2.8132 
5 0.0146 0.0565 0.0811 2.8214 -0.0234 2.8441 
6 0.0147 0.0563 0.2420 2.9063 0.0661 2.8947 
7 0.0152 0.0582 0.4167 3.0955 0.0865 2.9242 
8 0.0144 0.0576 0.6314 3.4680 0.1491 2.9110 
9 0.0138 0.0585 0.9471 4.2248 0.1602 2.8544 
10  0.0143 0.0587 1.8016 7.4907 0.4134 3.2465 
(High)       
1-10 0.0008      
 (0.7980)      
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Panel C. Descriptive statistics of portfolios sorted by level of idiosyncratic 
kurtosis 
  
 (1) (2) (3) (4) (5) (6) 
 Mean of return Standard deviation Averaged is  Averaged ik is of portfolio ik of portfolio 
1 (low) 0.0153  0.0557  0.0211 2.0553 -0.0121  2.7644  
2 0.0151  0.0565  0.0439 2.3905 -0.0090  2.8575  
3 0.0147  0.0556  0.0547 2.6288 -0.0209  2.9246  
4 0.0153  0.0570  0.0820 2.8605 0.0408  2.8412  
5 0.0158  0.0569  0.1065 3.1135 -0.0183  2.8901  
6 0.0151  0.0559  0.1333 3.4148 -0.0130  2.9746  
7 0.0139  0.0558  0.1837 3.8065 0.0370  2.9154  
8 0.0145  0.0559  0.2419 4.3792 0.0726  2.9391  
9 0.0153  0.0572  0.3547 5.4172 0.1291  3.0250  
10  0.0147  0.0561  0.6099 9.0309 0.4174  3.4072  
(High)       
1-10 0.0007       
 (0.7876)       
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Table 6 Idiosyncratic Skewness and Idiosyncratic Kurtosis 
Reduction as a Result of Portfolio Formation 
This table test whether the variance of the idiosyncratic moments for individual stocks is the 
same as the variance of idiosyncratic moments for sorted portfolios for each month 𝑡. We test 
whether the variance ratios 
𝑉𝑎𝑟(𝑖𝑠𝑝,𝑡)
𝑉𝑎𝑟(𝑖𝑠𝑖,𝑡)
 and 
𝑉𝑎𝑟(𝑖𝑘𝑝,𝑡)
𝑉𝑎𝑟(𝑖𝑘𝑖,𝑡)
 are equal to one. 𝑖𝑠𝑖,𝑡  and 𝑖𝑘𝑖,𝑡  are 
computed monthly based (2) (3) (4) and (5). We sort all stocks on their idiosyncratic 
moments 𝑖𝑠𝑖,𝑡  and 𝑖𝑘𝑖,𝑡  and form 100 equally weighted portfolios. We compute the actual 
idiosyncratic skewness and kurtosis for each portfolio by using (11) (12) (13) and (14) 
on the portfolios. We use data on US stocks from CRSP database covering the period January 
1970 to December 2013. We show the number of F-test rejection and time series distribution of 
the actual F-statistics. 
Panel A. Descriptive Statistics of Number of Observations 
 
Number of 
individual stocks 
Number of 
portfolios 
F-statistics on 
variance of 
idiosyncratic 
skewness 
F-statistics on 
variance of 
idiosyncratic 
kurtosis 
Mean 6352 100 6.6522 6.0403 
Median 6680 100 5.6745 5.2577 
Min 2317 100 0.4984 0.5827 
Max 9101 100 20.6236 20.9862 
 
Panel B. Number of F-test Rejection 
 
 Idiosyncratic skewness Idiosyncratic kurtosis 
Number of tests reject at 1% 521 524 
Number of tests reject at 5% 523 525 
Number of tests reject at 10% 524 525 
Number of tests in total 528 528 
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Table 7 Fama-MacBeth Regression at the Individual Stock Level 
The table reports results of Fama-MacBeth (1973) regressions, the average coefficients from 
cross-sectional regressions, 
𝑟𝑖,𝑡+1 − 𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑖,𝑡+𝛾2,𝑡𝑖𝑠𝑖,𝑡+𝛾3,𝑡𝑖𝑘𝑖,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵 𝑖,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑖,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑖,𝑡 + 𝛾12,𝑡𝐵𝑀𝑖,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑖,𝑦 + 𝜖𝑖,𝑡 , 
where  𝑟𝑖,𝑡+1 and 𝑟𝑓,𝑡+1are the return on stock i and risk free return in month t+1, respectively; 
𝑖𝑣𝑖,𝑡, 𝑖𝑠𝑖,𝑡 and 𝑖𝑘𝑖,𝑡 are idiosyncratic volatility, skewness and kurtosis of the stock i observed 
in month t, respectively. We include seven factor loadings in our regression, defined as follows: 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡 , 𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑖,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡  are loadings of Fama-French three factor model; 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡  is the loading on the Carhart (1997) momentum factor; 𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡  is the 
loading on the Pastor-Stambaugh (2003) liquidity factor; 𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑖,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 
are the loading of squared excess market return and cubed excess market return, respectively. 
We estimate all the betas using monthly data over a horizon of 60 month; 𝑚𝑜𝑚𝑖,𝑡  is the 
cumulative return over months t-12 to t; following Fama and French (1992), 𝐵𝑀𝑖,𝑦 is book 
equity over market equity in December of previous year y-1 and is identical over year y; 𝑆𝑖𝑧𝑒𝑖,𝑦 
is the log of market capitalization ending in June of year y. Average coefficients and t-statistics 
are reported, along with average  adjusted 𝑅2 . Significance at 1%, 5% and 10% level is 
indicated by ***, ** and *, respectively. T stands for number of month in time-series. We 
include all betas and characteristics in cross-sectional regression and report the average of 
coefficient and t-statistics in Column 3. Besides, we just include characteristics in cross-
sectional regression and report the average of coefficient and t-statistics in Column 2. Column 
1 reports results of the model with only betas and idiosyncratic moments in cross-sectional 
model. 
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Table 7 Continued 
 
  
 (1) (2) (3) 
Constant 0.0087*** 0.0057** 0.0029 
 (6.05) (2.18) (1.32) 
𝑖𝑣𝑖,𝑡 0.0043 0.0353 0.0437 
 (0.13) (0.93) (1.23) 
𝑖𝑠𝑖,𝑡 -0.0010*** -0.0011*** -0.0012*** 
 (-4.09) (-4.35) (-5.16) 
𝑖𝑘𝑖,𝑡 -0.0001 -0.0001 -0.0001 
 (-1.16) (-0.83) (-0.86) 
𝐵𝑀𝑖,𝑦  0.0000 0.0000 
  (-0.63) (-0.42) 
𝑆𝑖𝑧𝑒𝑖,𝑦  0.0005 0.0008*** 
  (1.45) (2.49) 
𝑚𝑜𝑚𝑖,𝑡  0.0038*** 0.0027** 
  (2.73) (2.31) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡 0.0008  -0.0004 
 (0.61)  (-0.34) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑖,𝑡 0.0012  0.0015** 
 (1.76)  (2.23) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡  0.0017**  0.0016** 
 (2.07)  (2.19) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡  -0.0025***  -0.0027*** 
 (-3.08)  (-3.47) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡 0.0002  0.0001 
 (0.40)  (0.19) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑖,𝑡 -0.0003**  -0.0003*** 
 (-4.07)  (-3.90) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 0.0000  0.0001 
 (1.80)  (1.23) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.041 0.030 0.050 
T 467 467 467 
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Table 8 Fama-MacBeth Regression at the Individual Stock Level: 
Robustness Test Using Sub-Periods Created on Structural Break 
The table reports results of robustness test of Fama-MacBeth regression at the individual level 
using sub-periods created on structural break date. We reports the average coefficients from 
Fama-MacBeth (1973) cross-sectional regressions, 
𝑟𝑖,𝑡+1 − 𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑖,𝑡+𝛾2,𝑡𝑖𝑠𝑖,𝑡+𝛾3,𝑡𝑖𝑘𝑖,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵 𝑖,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑖,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑖,𝑡 + 𝛾12,𝑡𝐵𝑀𝑖,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑖,𝑦 + 𝜖𝑖,𝑡 , 
where all notations are the same as in Table 7. We reports the results of three sub-period datasets 
(Jan 1975-April 1992, May 1992-June 2007 and July 2007-November 2013) along with the 
result of overall dataset. We create breakpoint at April 1992 due to noticeable structural break 
in idiosyncratic kurtosis shown in Panel C in Figure 1. We create breakpoint at June 2007 to 
test the influence of financial crisis during 2007-2008.  
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Table 8 Continued 
Period 
Jan. 1975 
-Apr. 1992 
May 1992 
-June 2007 
July 2007 
-Nov. 2013 
Jan. 1975 
- Nov. 2013 
Constant 0.0055 0.0034 0.0054 0.0029 
 (1.75) (0.98) (-0.88) (1.32) 
𝑖𝑣𝑖,𝑡 -0.0211 0.1493*** -0.0308 0.0437 
 (0.48) (2.98) (-0.46) (1.23) 
𝑖𝑠𝑖,𝑡 -0.0017*** -0.0007* -0.0012** -0.0012*** 
 (-4.85) (-1.79) (-2.13) (-5.16) 
𝑖𝑘𝑖,𝑡 0.0002 -0.0006*** 0.0002 -0.0001 
 (1.50) (-3.09) (0.95) (-0.86) 
𝐵𝑀𝑖,𝑦 -0.0000 0.0000 -0.0000 0.0000 
 (-0.24) (0.73) (-0.62) (-0.42) 
𝑆𝑖𝑧𝑒𝑖,𝑦 0.0006 0.0009* 0.0010 0.0008*** 
 (1.26) (1.70) (1.58) (2.49) 
𝑚𝑜𝑚𝑖,𝑡 0.0044*** 0.0032** -0.0030 0.0027** 
 (2.67) (2.00) (-0.74) (2.31) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡 -0.0017 -0.0007 0.0039 -0.0004 
 (-1.08) (-0.42) (1.13) (-0.34) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑖,𝑡 0.0027*** 0.0003 0.0012 0.0015** 
 (2.84) (0.23) (0.94) (2.23) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡  0.0018** 0.0013 0.0020 0.0016** 
 (2.26) (0.81) (1.57) (2.19) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡  -0.0022* -0.0024*** -0.0048* -0.0027*** 
 (-1.92) (-2.61) (-1.68) (-3.47) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡 0.0005 -0.0002 -0.0002 0.0001 
 (0.59) (-0.22) (-0.13) (0.19) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑖,𝑡 -0.0003*** -0.0001* -0.0004* -0.0003*** 
 (-3.00) (-1.89) (-1.74) (-3.90) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 0.0000 0.0000 0.0001 0.0001 
 (0.38) (0.42) (1.47) (1.23) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.050 0.051 0.048 0.050 
T 208 182 77 467 
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Table 9 Fama-MacBeth Regression at the Individual Stock Level: 
Robustness Test Using Equal-Sized Sub-Periods  
The table reports results of robustness test of Fama-MacBeth regression at the individual level 
using equal-sized sub periods. We reports the average coefficients from Fama-MacBeth (1973) 
cross-sectional regressions, 
𝑟𝑖,𝑡+1 − 𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑖,𝑡+𝛾2,𝑡𝑖𝑠𝑖,𝑡+𝛾3,𝑡𝑖𝑘𝑖,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵 𝑖,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑖,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑖,𝑡 + 𝛾12,𝑡𝐵𝑀𝑖,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑖,𝑦 + 𝜖𝑖,𝑡 , 
where all notations are the same as in Table 7. We report the results of three equal-sized sub-
period datasets (Jan 1975-Novermber 1987, December 1987-June 2001 and December 2001-
November 2013) along with the result of overall dataset.  
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Table 9 Continued 
 
Period 
Jan.1975 
-Nov. 1987 
Dec. 1987 
-Nov. 2001 
Dec. 2001 
-Nov. 2013 
Jan. 1975 
- Nov. 2013 
Constant 0.0101*** -0.0061* 0.0048 0.0029 
 (2.65) (-1.74) (1.18) (1.32) 
𝑖𝑣𝑖,𝑡 -0.0716 0.1723*** 0.0297 0.0437 
 (-1.33) (3.29) (0.63) (1.23) 
𝑖𝑠𝑖,𝑡 -0.0017*** -0.0013*** -0.0006* -0.0012*** 
 (-4.31) (-2.92) (-1.69) (-5.16) 
𝑖𝑘𝑖,𝑡 0.0001 -0.0002 -0.0002 -0.0001 
 (0.40) (-0.88) (-0.88) (-0.86) 
𝐵𝑀𝑖,𝑦 -0.0000 0.0000 -0.0000 0.0000 
 (-0.34) (0.58) (-0.49) (-0.42) 
𝑆𝑖𝑧𝑒𝑖,𝑦 0.0003 0.0019*** 0.0002 0.0008*** 
 (0.44) (3.25) (0.50) (2.49) 
𝑚𝑜𝑚𝑖,𝑡 0.0049*** 0.0051** -0.0018 0.0027** 
 (2.48) (3.04) (-0.76) (2.31) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡 -0.0024 -0.0006 0.0017 -0.0004 
 (-1.31) (-0.35) (0.74) (-0.34) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑖,𝑡 0.0031*** 0.0005 0.0008 0.0015** 
 (2.68) (0.43) (0.77) (2.23) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡  0.0026** 0.0005 0.0018 0.0016** 
 (2.65) (0.45) (1.12) (2.19) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡  -0.0026* -0.0018** -0.0037** -0.0027*** 
 (-1.81) (-2.05) (-2.29) (-3.47) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡 0.0003 -0.0009 0.0009 0.0001 
 (0.32) (-0.98) (0.78) (0.19) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑖,𝑡 -0.0003*** -0.0002** -0.0002* -0.0003*** 
 (-2.93) (-2.04) (-1.85) (-3.90) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 0.0000 0.0000 0.0001 0.0001 
 (0.05) (0.84) (1.07) (1.23) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.057 0.043 0.051 0.050 
T 155 156 156 467 
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Table 10 Fama-MacBeth Regression at the Portfolio Level Sorted on 
Level of Idiosyncratic Skewness 
The table reports results of Fama-MacBeth (1973) regressions, the average coefficients from 
cross-sectional regressions, 
𝑟𝑝,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,                      
where  𝑟𝑝,𝑡+1 and 𝑟𝑓,𝑡+1  are the return on portfolio p and risk-free rate in month t+1, 
respectively; one hundred portfolios are sorted each month on idiosyncratic skewness observed 
at the end of month t; 𝑖𝑣𝑝,𝑡, 𝑖𝑠𝑝,𝑡 and 𝑖𝑘𝑝,𝑡 are idiosyncratic volatility, skewness and kurtosis 
of portfolio p in month t, respectively. Idiosyncratic moments of portfolios are the equal-
weighted averages of their firm-level counterparts. We include seven factor loadings in our 
regression, defined as follows: 𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 ,  𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  are loadings of 
Fama-French three factor model; 𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡  is the loading on the Carhart (1997) momentum 
factor; 𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡  is the loading on the Pastor-Stambaugh (2003) liquidity factor; 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 are the loading of squared excess market return and cubed 
excess market return, respectively; we estimate all the betas using monthly data over a horizon 
of 60 month; 𝑚𝑜𝑚𝑝,𝑡 , 𝐵𝑀𝑝,𝑦 , and 𝑆𝑖𝑧𝑒𝑝,𝑦are equal-weighted constructed with individual-
level counterparts 𝑚𝑜𝑚𝑖,𝑡, 𝐵𝑀𝑖,𝑦, and 𝑆𝑖𝑧𝑒𝑖,𝑦, respectively. 𝑚𝑜𝑚𝑖,𝑡 is the cumulative return 
over months t-12 to t. Following Fama and French (1992), 𝐵𝑀𝑖,𝑦 is defined as book equity 
over market equity in December of previous year y-1 and is identical over year y, 𝑆𝑖𝑧𝑒𝑖,𝑦 is the 
log of market capitalization ending in June of year y. Average coefficients and t-statistics are 
reported along with average 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 T stands for number of month in time-series. We 
include all factor loadings and characteristics in cross-sectional regression and report the 
average of coefficient and t-statistics in Column 3. Besides, we just include characteristics in 
cross-sectional regression and report the average of coefficient and t-statistics in Column 2. 
Column 1 reports results of the model with only factor loadings and idiosyncratic moments in 
cross-sectional model. . Significance at 1%, 5% and 10% level is indicated by ***, ** and *, 
respectively. 
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Table 10 Continued 
 
  
 (1) (2) (3) 
Constant 0.0106*** 0.0086*** 0.0088*** 
 (5.64) (3.11) (3.20) 
𝑖𝑣𝑝,𝑡 -0.0398 -0.0502 -0.0477 
 (-0.85) (-1.00) (-1.03) 
𝑖𝑠𝑝,𝑡 -0.0003 -0.0006** -0.0003 
 (-0.95) (-2.03) (-1.06) 
𝑖𝑘𝑝,𝑡 -0.0000 0.0001 0.0001 
 (-0.03) (0.44) (0.57) 
𝐵𝑀𝑝,𝑦  0.0005 0.0005 
  (1.42) (1.29) 
𝑆𝑖𝑧𝑒𝑝,𝑦  0.0002 0.0003 
  (0.86) (1.22) 
𝑚𝑜𝑚𝑝,𝑡  0.0026 0.0015 
  (1.24) (0.75) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 -0.0007  -0.0023 
 (-0.33)  (-1.12) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 0.0008  0.0006 
 (0.76)  (0.55) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  0.0029***  0.0025** 
 (2.51)  (2.12) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 -0.0025*  -0.0039*** 
 (-1.72)  (-2.52) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡 -0.0010  -0.0015 
 (-0.69)  (-1.08) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 -0.0001  0.0001 
 (-0.50)  (0.40) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 -0.0000  -0.0000 
 (-0.16)  (-0.80) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.084 0.064 0.089 
T 467 467 467 
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Table 11 Fama-MacBeth Regression at the Portfolio Level Sorted on 
Level of Idiosyncratic Kurtosis  
The table reports results of Fama-MacBeth (1973) regressions, the average coefficients from 
cross-sectional regressions, 
𝑟𝑝,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,                      
where  𝑟𝑝,𝑡+1 and 𝑟𝑓,𝑡+1  are the return on portfolio p and risk-free rate in month t+1, 
respectively; one hundred portfolios are sorted each month on idiosyncratic kurtosis observed 
at the end of month t; 𝑖𝑣𝑝,𝑡, 𝑖𝑠𝑝,𝑡 and 𝑖𝑘𝑝,𝑡 are idiosyncratic volatility, skewness and kurtosis 
of portfolio p in month t, respectively. Idiosyncratic moments of portfolios are the equal-
weighted averages of their firm-level counterparts. We include seven factor loadings in our 
regression, defined as follows: 𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 ,  𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  are loadings of 
Fama-French three factor model; 𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡  is the loading on the Carhart (1997) momentum 
factor; 𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡  is the loading on the Pastor-Stambaugh (2003) liquidity factor; 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 are the loading of squared excess market return and cubed 
excess market return, respectively; we estimate all the betas using monthly data over a horizon 
of 60 month; 𝑚𝑜𝑚𝑝,𝑡 , 𝐵𝑀𝑝,𝑦 , and 𝑆𝑖𝑧𝑒𝑝,𝑦are equal-weighted constructed with individual-
level counterparts 𝑚𝑜𝑚𝑖,𝑡, 𝐵𝑀𝑖,𝑦, and 𝑆𝑖𝑧𝑒𝑖,𝑦, respectively. 𝑚𝑜𝑚𝑖,𝑡 is the cumulative return 
over months t-12 to t. Following Fama and French (1992), 𝐵𝑀𝑖,𝑦 is defined as book equity 
over market equity in December of previous year y-1 and is identical over year y, 𝑆𝑖𝑧𝑒𝑖,𝑦 is the 
log of market capitalization ending in June of year y. Average coefficients and t-statistics are 
reported along with average 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 T stands for number of month in time-series. We 
include all factor loadings and characteristics in cross-sectional regression and report the 
average of coefficient and t-statistics in Column 3. Besides, we just include characteristics in 
cross-sectional regression and report the average of coefficient and t-statistics in Column 2. 
Column 1 reports results of the model with only factor loadings and idiosyncratic moments in 
cross-sectional model. . Significance at 1%, 5% and 10% level is indicated by ***, ** and *, 
respectively. 
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Table 11 Continued 
 
  
 (1) (2) (3) 
Constant 0.0085*** 0.0053 0.0052* 
 (4.19) (1.54) (1.90) 
𝑖𝑣𝑝,𝑡 0.0029 0.0222 0.0099 
 (0.06) (0.41) (0.21) 
𝑖𝑠𝑝,𝑡 -0.0022*** -0.0024*** -0.0025*** 
 (-2.28) (-2.49) (-2.58) 
𝑖𝑘𝑝,𝑡 -0.0000 0.0000 -0.0000 
 (-0.26) (0.16) (-0.06) 
𝐵𝑀𝑝,𝑦  0.0008** 0.0005 
  (2.29) (1.35) 
𝑆𝑖𝑧𝑒𝑝,𝑦  0.0003 0.0003 
  (1.21) (1.20) 
𝑚𝑜𝑚𝑝,𝑡  0.0076*** 0.0054*** 
  (3.53) (2.52) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 0.0013  0.0007 
 (0.66)  (0.35) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 0.0004  0.0001 
 (0.38)  (0.06) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  0.0026**  0.0024** 
 (2.31)  (2.14) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 -0.0022  -0.0020 
 (-1.45)  (-1.34) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡 -0.0001  -0.0001 
 (-0.05)  (-0.08) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 -0.0001  0.0000 
 (-0.20)  (0.10) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 0.0000  -0.0000 
 (0.59)  (-0.55) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.072 0.058 0.078 
T 467 467 467 
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Table 12 Fama-MacBeth Regression at the Portfolio Level Sorted on 
Idiosyncratic Skewness: Robustness Test Using Sub-Periods Created on 
Structural Break 
The table reports results of robustness test of Fama-MacBeth regression at the portfolio level 
sorted on idiosyncratic skewness using sub-periods created on structural break date. We reports 
the average coefficients from Fama-MacBeth (1973) cross-sectional regressions, 
𝑟𝑝,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,,   
where all notations are the same as in Table 10. We reports the results of three sub-period 
datasets (Jan 1975-April 1992, May 1992-June 2007 and July 2007-November 2013) along with 
the result of overall dataset. We create breakpoint at April 1992 due to noticeable structural 
break in idiosyncratic kurtosis shown in Panel C in Figure 1. We create breakpoint at June 2007 
to test the influence of financial crisis during 2007-2008.  
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Table 12 Continued 
Period 
Jan. 1975 
-Apr. 1992 
May 1992 
-June 2007 
July 2007 
-Nov. 2013 
Jan. 1975 
- Nov. 2013 
Constant 0.0115*** 0.0102*** -0.0018 0.0088*** 
 (2.91) (2.40) (-0.22) (3.20) 
𝑖𝑣𝑝,𝑡 -0.1132 0.0071 -0.0001 -0.0477 
 (-1.55) (0.11) (-0.00) (-1.03) 
𝑖𝑠𝑝,𝑡 -0.0006 0.0001 -0.0003 -0.0003 
 (-1.60) (0.27) (-0.50) (-1.06) 
𝑖𝑘𝑝,𝑡 0.0001 -0.0002 0.0007 0.0001 
 (0.67) (-0.88) (1.36) (0.57) 
𝐵𝑀𝑝,𝑦 0.0004 0.0003 0.0012* 0.0005 
 (0.83) (0.36) (1.92) (1.29) 
𝑆𝑖𝑧𝑒𝑝,𝑦 0.0003 0.0001 0.0007 0.0003 
 (0.85) (0.18) (1.27) (1.22) 
𝑚𝑜𝑚𝑝,𝑡 0.0039 0.0036 -0.0098* 0.0015 
 (1.26) (1.19) (-1.72) (0.75) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 -0.0047 -0.0007 0.0007 -0.0023 
 (-1.42) (-0.24) (0.14) (-1.12) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 0.0027* -0.0011 -0.0009 0.0006 
 (1.69) (-0.52) (-0.35) (0.55) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  0.0022 0.0032 0.0016 0.0025** 
 (1.43) (1.48) (0.57) (2.12) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 -0.0028 -0.0053** -0.0033 -0.0039*** 
 (-1.32) (-2.15) (-0.75) (-2.52) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡  0.0008 -0.0021 -0.0061 -0.0015 
 (0.47) (-0.86) (-1.56) (-1.08) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 0.0000 0.0001 0.0002 0.0001 
 (0.00) (0.49) (0.58) (0.40) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 -0.0000 -0.0000 -0.0000 -0.0000 
 (-0.58) (-0.75) (-0.06) (-0.80) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.111 0.075 0.066 0.089 
T 208 182 77 467 
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Table 13 Fama-MacBeth Regression at the Portfolio Level Sorted on 
Idiosyncratic Skewness: Robustness Test Using Equal-Sized Sub-Periods 
The table reports results of robustness test of Fama-MacBeth regression at the portfolio level 
sorted on idiosyncratic skewness using equal-sized sub-periods We reports the average 
coefficients from Fama-MacBeth (1973) cross-sectional regressions, 
𝑟𝑝,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,,   
where all notations are the same as in Table 10. We report the results of three equal-sized sub-
period datasets (Jan 1975-Novermber 1987, December 1987-November 2001 and December 
2001-November 2013) along with the result of overall dataset.  
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Table 13 Continued 
Period 
Jan.1975 
-Nov. 1987 
Dec. 1987 
-Nov. 2001 
Dec. 2001 
-Nov. 2013 
Jan. 1975 
- Nov. 2013 
Constant 0.0141*** 0.0071 0.0053 0.0088*** 
 (3.20) (1.41) (1.09) (3.20) 
𝑖𝑣𝑝,𝑡 -0.1912** 0.0737 -0.0264 -0.0477 
 (-2.10) (1.17) (-0.32) (-1.03) 
𝑖𝑠𝑝,𝑡 -0.0006 -0.0005 0.0003 -0.0003 
 (-1.30) (-0.97) (0.60) (-1.06) 
𝑖𝑘𝑝,𝑡 0.0001 -0.0001 0.0002 0.0001 
 (0.42) (-0.25) (0.70) (0.57) 
𝐵𝑀𝑝,𝑦 0.0010* -0.0005 0.0010* 0.0005 
 (1.66) (-0.62) (1.73) (1.29) 
𝑆𝑖𝑧𝑒𝑝,𝑦 0.0002 0.0005 0.0001 0.0003 
 (0.44) (1.32) (0.30) (1.22) 
𝑚𝑜𝑚𝑝,𝑡 0.0060* 0.0044 -0.0058 0.0015 
 (1.73) (1.29) (-1.58) (0.75) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 -0.0042 -0.0048 0.0022 -0.0023 
 (-1.16) (-1.40) (0.63) (-1.12) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 0.0030 -0.0015 0.0005 0.0006 
 (1.60) (-0.68) (0.24) (0.55) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  0.0036* 0.0012 0.0027 0.0025** 
 (1.92) (0.62) (1.19) (2.12) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 -0.0020 -0.0046* -0.0050* -0.0039*** 
 (-0.80) (-1.91) (-1.65) (-2.52) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡  0.0001 -0.0032 -0.0013 -0.0015 
 (0.04) (-1.29) (-0.47) (-1.08) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 -0.0001 0.0004 -0.0001 0.0001 
 (-0.30) (0.85) (-0.27) (0.40) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 -0.0000 -0.0001 0.0000 -0.0000 
 (-0.26) (-1.18) (1.00) (-0.80) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.109 0.089 0.070 0.089 
T 155 156 156 467 
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Table 14 Fama-MacBeth Regression at the Portfolio Level Sorted on 
Idiosyncratic Kurtosis: Robustness Test Using Sub-Periods Created on 
Structural Break 
The table reports results of robustness test of Fama-MacBeth regression at the portfolio level 
sorted on idiosyncratic kurtosis using sub-periods created on structural break date. We reports 
the average coefficients from Fama-MacBeth (1973) cross-sectional regressions, 
𝑟𝑝,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,   
where all notations are the same as in Table 11. We reports the results of three sub-period 
datasets (Jan 1975-April 1992, May 1992-June 2007 and July 2007-November 2013) along with 
the result of overall dataset. We create breakpoint at April 1992 due to noticeable structural 
break in averaged idiosyncratic kurtosis shown in Panel C in Figure 1. We create breakpoint at 
June 2007 to test the influence of financial crisis during 2007-2008.  
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Table 14 Continued 
Period 
Jan. 1975 
-Apr. 1992 
May 1992 
-June 2007 
July 2007 
-Nov. 2013 
Jan. 1975 
- Nov. 2013 
Constant 0.0078** 0.0052 -0.0018 0.0052 
 (2.07) (1.17) (-0.23) (1.90) 
𝑖𝑣𝑝,𝑡 -0.0684 0.1751*** -0.1692 0.0099 
 (-0.91) (2.63) (-1.49) (0.21) 
𝑖𝑠𝑝,𝑡 -0.0023** -0.0028 -0.0022 -0.0025*** 
 (-1.99) (-1.60) (-0.82) (-2.58) 
𝑖𝑘𝑝,𝑡 0.0003 -0.0004 0.0002 -0.0000 
 (1.27) (-1.28) (0.33) (-0.06) 
𝐵𝑀𝑝,𝑦 0.0007 0.0007 -0.0003 0.0005 
 (1.40) (0.86) (-0.41) (1.35) 
𝑆𝑖𝑧𝑒𝑝,𝑦 0.0005 0.0003 -0.0003 0.0003 
 (1.30) (0.84) (-0.46) (1.20) 
𝑚𝑜𝑚𝑝,𝑡 0.0051* 0.0091*** -0.0025 0.0054*** 
 (1.71) (3.03) (-0.35) (2.52) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 -0.0031 0.0009 0.0104** 0.0007 
 (-1.10) (0.30) (2.14) (0.35) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 0.0019 -0.0027 0.0018 0.0001 
 (1.28) (-1.35) (0.72) (0.06) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 0.0045*** 0.0004 0.0011 0.0024** 
 (3.34) (0.17) (0.53) (2.14) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 -0.0014 -0.0003 -0.0077* -0.0020 
 (-0.63) (-0.12) (-1.87) (-1.34) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡 0.0011 -0.0010 -0.0012 -0.0001 
 (0.62) (-0.43) (-0.31) (-0.08) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 0.0001 -0.0001 -0.0001 0.0000 
 (0.32) (-0.50) (-0.12) (0.10) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 -0.0001 0.0000 0.0000 -0.0000 
 (-1.07) (0.35) (0.78) (-0.55) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.111 0.054 0.048 0.078 
T 208 182 77 467 
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Table 15 Fama-MacBeth Regression at the Portfolio Level Sorted on 
Idiosyncratic Kurtosis: Robustness Test Using Equal-Sized Sub-Periods 
The table reports results of robustness test of Fama-MacBeth regression at the portfolio level 
sorted on idiosyncratic kurtosis using equal-sized sub-periods. We reports the average 
coefficients from Fama-MacBeth (1973) cross-sectional regressions, 
𝑟𝑝,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,,   
where all notations are the same as in Table 11. We report the results of three equal-sized sub-
period datasets (Jan 1975-Novermber 1987, December 1987-November 2001 and December 
2001-November 2013) along with the result of overall dataset.  
  
 68 
 
Table 15 Continued 
Period 
Jan.1975 
-Nov. 1987 
Dec. 1987 
-Nov. 2001 
Dec. 2001 
-Nov. 2013 
Jan. 1975 
- Nov. 2013 
Constant 0.0103*** -0.0016 0.0071 0.0052* 
 (2.48) (-0.32) (1.38) (1.90) 
𝑖𝑣𝑝,𝑡 -0.0968 0.1380** -0.0123 0.0099 
 (-1.04) (2.07) (-0.15) (0.21) 
𝑖𝑠𝑝,𝑡 -0.0023* -0.0022 -0.0030* -0.0025*** 
 (-1.75) (-1.17) (-1.69) (-2.58) 
𝑖𝑘𝑝,𝑡 0.0002 -0.0002 0.0000 -0.0000 
 (0.83) (-0.51) (-0.15) (-0.06) 
𝐵𝑀𝑝,𝑦 0.0007 0.0008 0.0001 0.0005 
 (1.16) (0.95) (0.22) (1.35) 
𝑆𝑖𝑧𝑒𝑝,𝑦 0.0001 0.0011*** -0.0003 0.0003 
 (0.25) (2.60) (-0.87) (1.20) 
𝑚𝑜𝑚𝑝,𝑡 0.0047 0.0102*** 0.0012 0.0054*** 
 (1.32) (3.34) (0.28) (2.52) 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 -0.0008 -0.0026 0.0054 0.0007 
 (-0.26) (-0.84) (1.50) (0.35) 
𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 0.0013 0.0004 -0.0015 0.0001 
 (0.76) (0.21) (-0.79) (0.06) 
𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  0.0051*** 0.0006 0.0013 0.0024** 
 (3.21) (0.34) (0.60) (2.14) 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 -0.0001 -0.0014 -0.0046* -0.0020 
 (-0.02) (-0.55) (-1.69) (-1.34) 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡 0.0004 -0.0012 0.0005 -0.0001 
 (0.21) (-0.58) (0.16) (-0.08) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 -0.0004 0.0005 0.0000 0.0000 
 (-1.46) (1.03) (0.02) (0.10) 
𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 0.0000 -0.0001 0.0000 -0.0000 
 (1.24) (-1.27) (0.22) (-0.55) 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.112 0.069 0.054 0.078 
T 155 156 156 467 
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Figure 1 Time Series Variation of Idiosyncratic Moments 
The figures plot mean, median and 95% confidence interval of mean of idiosyncratic volatility, 
skewness and kurtosis. Panel A, panel B and panel C plot the idiosyncratic volatility, 
idiosyncratic skewness and idiosyncratic kurtosis, respectively. We estimate idiosyncratic 
moments as 𝑖𝑣𝑖,𝑡 = (
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
2
𝑑∈𝑆(𝑡) )
1
2
,  𝑖𝑠𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
3
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
3 ,  𝑖𝑘𝑖,𝑡 =
1
𝑁(𝑡)
∑ 𝜀𝑖,𝑑
4
𝑑∈𝑆(𝑡)
𝑖𝑣𝑖,𝑡
4 , where 
𝑆(𝑡) is the set of trading days from the first day of month t to the end of month t; 𝑁(𝑡) is the 
number of trading days in this set; 𝜀𝑖,𝑑 is the residual obtained from Fama-French three factor 
model 𝑟𝑖,𝑑 − 𝑟𝑓,𝑑 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚,𝑑 − 𝑟𝑓,𝑑) + 𝑠𝑖𝑆𝑀𝐵𝑑 + ℎ𝑖𝐻𝑀𝐿𝑑 + 𝜀𝑖,𝑑 , where where 𝑟𝑖,𝑑  and 
𝑟𝑓,𝑑 are the return for asset i and risk-free rate at day d, respectively; (𝑟𝑚,𝑑 − 𝑟𝑓,𝑑), 𝑆𝑀𝐵 and 
𝐻𝑀𝐿  are market risk premium, “Small minus big” factor and “High minus low” factor, 
respectively.  
 
(a) Panel A: Time series variation of idiosyncratic volatility 
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(b) Panel B: Time series variation of idiosyncratic skewness 
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(c) Panel C: Time series variation of idiosyncratic kurtosis 
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Figure 2 Time Series of Coefficient on Idiosyncratic Skewness and 
Kurtosis in the Fama-MacBeth Regression at the Individual Stock Level 
The figures plot time series of coefficient on idiosyncratic moments in the Fama-MacBeth 
regression at the individual stock level from January 1975 to November 2013. At the end of 
each month, we regress the cross-section regression: 
𝑟𝑖,𝑡+1−𝑟𝑓,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑖,𝑡+𝛾2,𝑡𝑖𝑠𝑖,𝑡+𝛾3,𝑡𝑖𝑘𝑖,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵 𝑖,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑖,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑖,𝑡 + 𝛾12,𝑡𝐵𝑀𝑖,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑖,𝑦 + 𝜖𝑖,𝑡 , 
where  𝑟𝑖,𝑡+1 and 𝑟𝑓,𝑡+1are the return on stock i and risk free return in month t+1, respectively; 
𝑖𝑣𝑖,𝑡, 𝑖𝑠𝑖,𝑡 and 𝑖𝑘𝑖,𝑡 are idiosyncratic volatility, skewness and kurtosis of the stock i observed 
in month t, respectively. We include seven factor loadings in our regression, defined as follows: 
𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑖,𝑡 , 𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑖,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑖,𝑡  are loadings of Fama-French three factor model; 
𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑖,𝑡  is the loading on the Carhart (1997) momentum factor; 𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑖,𝑡  is the 
loading on the Pastor-Stambaugh (2003) liquidity factor; 𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑖,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑖,𝑡 
are the loading of squared excess market return and cubed excess market return, respectively. 
We estimate all the betas using monthly data over a horizon of 60 month. 𝑚𝑜𝑚𝑖,𝑡  is the 
cumulative return over months t-12 to t. Following Fama and French (1992), 𝐵𝑀𝑖,𝑦 is defined 
as book equity over market equity in December of previous year y-1 and is identical over year 
y, 𝑆𝑖𝑧𝑒𝑖,𝑦 is the log of market capitalization ending in June of year y. Panel A and Panel B 
present time series of risk premium of idiosyncratic skewness and kurtosis, respectively.  
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(a) Panel A: Time series of coefficient on is 
 
(b) Panel B: Time series of coefficient on is 
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Figure 3 Time Series of Coefficients on Idiosyncratic Skewness and 
Kurtosis in the Fama-MacBeth Regression at the Portfolio Level Sorted 
on Idiosyncratic Skewness 
The figures plot time series of coefficient on idiosyncratic moments in the Fama-MacBeth 
regression at the portfolio level, as outlined in equation (10) from January 1975 to November 
2013. One hundred portfolios are sorted on ranked idiosyncratic kurtosis at the end of each 
month. We regress the cross-section regression: 
𝑟𝑝,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,                      
where  𝑟𝑝,𝑡+1 and 𝑟𝑓,𝑡+1  are the return on portfolio p and risk free return in month t+1, 
respectively; 𝑖𝑣𝑝,𝑡, 𝑖𝑠𝑝,𝑡 and 𝑖𝑘𝑝,𝑡 are idiosyncratic volatility, skewness and kurtosis of the 
portfolio p in month t, respectively. Idiosyncratic moments of portfolios are the equal-weighted 
averages of their firm-level counterparts. We include seven factor loadings in our regression, 
defined as follows: 𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 , 𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  are loadings of Fama-French 
three factor model; 𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡  is the loading on the Carhart (1997) momentum factor; 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡  is the loading on the Pastor-Stambaugh (2003) liquidity factor; 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 are the loading of squared excess market return and cubed 
excess market return, respectively; we estimate all the betas using monthly data over a horizon 
of 60 month; 𝑚𝑜𝑚𝑝,𝑡 , 𝐵𝑀𝑝,𝑦 , and 𝑆𝑖𝑧𝑒𝑝,𝑦are equal-weighted constructed with individual-
level counterparts 𝑚𝑜𝑚𝑖,𝑡, 𝐵𝑀𝑖,𝑦, and 𝑆𝑖𝑧𝑒𝑖,𝑦, respectively. 𝑚𝑜𝑚𝑖,𝑡 is the cumulative return 
over months t-12 to t. Following Fama and French (1992), 𝐵𝑀𝑖,𝑦 is defined as book equity 
over market equity in December of previous year y-1 and is identical over year y, 𝑆𝑖𝑧𝑒𝑖,𝑦 is the 
log of market capitalization ending in June of year y. Panel A and panel B present results of 
coefficients on idiosyncratic skewness and idiosyncratic kurtosis, respectively. 
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(a) Panel A: Time series of coefficient on is  
   
(b) Panel B: Time series of coefficient on ik  
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Figure 4 Time Series of Coefficients on Idiosyncratic Skewness and 
Kurtosis in the Fama-MacBeth Regression at the Portfolio Level Sorted 
on Idiosyncratic Kurtosis 
The figures plot time series of coefficient on idiosyncratic moments in the Fama-MacBeth 
regression at the portfolio level, as outlined in equation (10) from January 1975 to November 
2013. One hundred portfolios are sorted on ranked idiosyncratic kurtosis at the end of each 
month. We regress the cross-section regression: 
𝑟𝑝,𝑡+1 = 𝛾0,𝑡 + 𝛾1,𝑡𝑖𝑣𝑝,𝑡+𝛾2,𝑡𝑖𝑠𝑝,𝑡+𝛾3,𝑡𝑖𝑘𝑝,𝑡 + 𝛾4,𝑡𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡
+ 𝛾5,𝑡𝐵𝑒𝑡𝑎𝑆𝑀𝐵𝑝,𝑡 + 𝛾6,𝑡𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡 + 𝛾7,𝑡𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡 + 𝛾8,𝑡𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡
+ 𝛾9,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤𝑝,𝑡 + 𝛾10,𝑡𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 + 𝛾11,𝑡𝑚𝑜𝑚𝑝,𝑡 + 𝛾12,𝑡𝐵𝑀𝑝,𝑦
+ 𝛾13,𝑡𝑆𝑖𝑧𝑒𝑝,𝑦 + 𝜖𝑝,𝑡  ,                      
where  𝑟𝑝,𝑡+1 and 𝑟𝑓,𝑡+1  are the return on portfolio p and risk free return in month t+1, 
respectively; 𝑖𝑣𝑝,𝑡 , 𝑖𝑠𝑝,𝑡  and 𝑖𝑘𝑝,𝑡  are idiosyncratic volatility, skewness and kurtosis of the 
portfolio p in month t, respectively. Idiosyncratic moments of portfolios are the equal-weighted 
averages of their firm-level counterparts. We include seven factor loadings in our regression, 
defined as follows: 𝐵𝑒𝑡𝑎𝑀𝑎𝑟𝑘𝑒𝑡𝑝,𝑡 , 𝐵𝑒𝑡𝑎𝑆𝑀𝐵 𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐻𝑀𝐿𝑝,𝑡  are loadings of Fama-French 
three factor model; 𝐵𝑒𝑡𝑎𝑈𝑀𝐷𝑝,𝑡  is the loading on the Carhart (1997) momentum factor; 
𝐵𝑒𝑡𝑎𝐿𝑖𝑞𝑢𝑑𝑖𝑡𝑦𝑝,𝑡  is the loading on the Pastor-Stambaugh (2003) liquidity factor; 
𝐵𝑒𝑡𝑎𝐶𝑜𝑠𝑘𝑒𝑤 𝑝,𝑡  𝑎𝑛𝑑 𝐵𝑒𝑡𝑎𝐶𝑜𝑘𝑢𝑟𝑡𝑜𝑝,𝑡 are the loading of squared excess market return and cubed 
excess market return, respectively; we estimate all the betas using monthly data over a horizon 
of 60 month; 𝑚𝑜𝑚𝑝,𝑡, 𝐵𝑀𝑝,𝑦, and 𝑆𝑖𝑧𝑒𝑝,𝑦are equal-weighted constructed with individual-level 
counterparts 𝑚𝑜𝑚𝑖,𝑡, 𝐵𝑀𝑖,𝑦, and 𝑆𝑖𝑧𝑒𝑖,𝑦, respectively. 𝑚𝑜𝑚𝑖,𝑡 is the cumulative return over 
months t-12 to t. Following Fama and French (1992), 𝐵𝑀𝑖,𝑦 is defined as book equity over 
market equity in December of previous year y-1 and is identical over year y, 𝑆𝑖𝑧𝑒𝑖,𝑦 is the log 
of market capitalization ending in June of year y. Panel A and panel B present results of 
coefficients on idiosyncratic skewness and idiosyncratic kurtosis, respectively 
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(a) Panel A: Time series of coefficient on is  
   
(b) Panel B: Time series of coefficient on ik  
 
-0.08
-0.06
-0.04
-0.02
0
0.02
0.04
0.06
0.08
0.1
0.12
0.14
1
9
7
5
0
1
1
9
7
6
0
5
1
9
7
7
0
9
1
9
7
9
0
1
1
9
8
0
0
5
1
9
8
1
0
9
1
9
8
3
0
1
1
9
8
4
0
5
1
9
8
5
0
9
1
9
8
7
0
1
1
9
8
8
0
5
1
9
8
9
0
9
1
9
9
1
0
1
1
9
9
2
0
5
1
9
9
3
0
9
1
9
9
5
0
1
1
9
9
6
0
5
1
9
9
7
0
9
1
9
9
9
0
1
2
0
0
0
0
5
2
0
0
1
0
9
2
0
0
3
0
1
2
0
0
4
0
5
2
0
0
5
0
9
2
0
0
7
0
1
2
0
0
8
0
5
2
0
0
9
0
9
2
0
1
1
0
1
2
0
1
2
0
5
2
0
1
3
0
9
Time Series of Coefficient on is
coefficient on is
-0.03
-0.025
-0.02
-0.015
-0.01
-0.005
0
0.005
0.01
0.015
0.02
1
9
7
5
0
1
1
9
7
6
0
5
1
9
7
7
0
9
1
9
7
9
0
1
1
9
8
0
0
5
1
9
8
1
0
9
1
9
8
3
0
1
1
9
8
4
0
5
1
9
8
5
0
9
1
9
8
7
0
1
1
9
8
8
0
5
1
9
8
9
0
9
1
9
9
1
0
1
1
9
9
2
0
5
1
9
9
3
0
9
1
9
9
5
0
1
1
9
9
6
0
5
1
9
9
7
0
9
1
9
9
9
0
1
2
0
0
0
0
5
2
0
0
1
0
9
2
0
0
3
0
1
2
0
0
4
0
5
2
0
0
5
0
9
2
0
0
7
0
1
2
0
0
8
0
5
2
0
0
9
0
9
2
0
1
1
0
1
2
0
1
2
0
5
2
0
1
3
0
9
Time Series of Coefficient on ik
coefficient on ik
